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CHAPTER 1 INTRODUCTION 
Proteins play essential roles in most biological processes. While some proteins are involved 
in chemical reactions as enzymes, others like hemoglobin and myoglobin are involved in the 
transport and storage processes. Also, some proteins are involved in control of the growth and 
differentiation of cells. Composed of twenty types of amino acids, proteins fold into unique 
three-dimensional structures that are closely related to their biological functions. Malfunctions 
of proteins are often the cause of fatal diseases, thus understanding the structures of proteins 
and their related functions in various biological mechanisms are important subjects of studies. 
Because of the close relationship between the structure and the function of a protein, de­
termining the three-dimensional native state structure of a protein is very important. X-ray 
crystallography and NMR spectroscopy have served as major experimental tools for the pro­
tein structure determination [1, 2]. Nonetheless, these experimental tools have limitations in 
determining the structures of some proteins and are very time consuming and expensive. For 
example, some proteins are very difficult to crystallize, which hampers the structure deter­
mination by x-ray crystallography. NMR spectroscopy also has limitations, for example, in 
that currently it is applicable only to proteins with less than about 300 residues. One other 
example is the structure determination of membrane proteins. Membrane proteins are located 
in the lipid bilayer and of importance in the transport of the proteins across the membrane 
and many other processes. These membrane proteins have very different environment from 
that of other soluble proteins. While other cellular proteins have polar environment, which is 
aqueous, membrane proteins reside in the lipid bilayer which is hydrophobic. Thus, the struc­
ture determination of the membrane proteins by conventional experimental tools is particulary 
challenging. 
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With the advent of genome projects, the identification of the protein sequences has been 
accelerated, but the speed of the structure determination and functional assignments has been 
much slower. The development of the sequence alignment techniques such as FASTA, BLAST, 
and PSI-BLAST increased the pace of the gene annotation and functional assignment by com­
putationally measuring the similarities of the DNA and protein sequences of various organisms. 
Because the proteins with similar sequences usually share a common structure and function, 
these techniques can also be used to model the structure of a protein of unknown structure 
which has sequence similarity to the proteins of known structure. However, when the sequence 
similarity between proteins drops to insignificant level, relying on a sequence similarity alone 
cannot detect the structural similarity between the proteins. Thus, new techniques that in­
corporate the structural features that cannot be detected by sequence alignment needed to 
be developed [3, 4]. Intensive efforts to develop the tools for protein structure prediction by 
computational methods have produced many useful tools [5, 6, 7, 8]. 
Protein structure prediction methods can be classified into three types depending on the 
homologous structures available from the existing structural data base, and the degree of the 
structural information incorporated: homology modeling, threading, and ab initio. Homol­
ogy modeling method for protein structure prediction largely relies on the sequence similarity 
between the target protein and the homologous protein in the structure data base (sequence 
similarity > 30%). Threading method more focuses on the structural similarity between the 
target protein and the template structure in the data base without sequence similarity (se­
quence similarity < 30%). Profile-based threading methods successfully included structural 
information in the protein structure prediction process by incorporating the structural envi­
ronmental classes of the amino acids in the template structure. The advantage of these methods 
is that, by converting the structural information of the amino acids into one-dimensional string, 
fast and efficient dynamic programming could be easily introduced, which tremendously in­
creased the speed of the alignment. Threading methods which directly include the contact 
information among residues can better incorporate the structural information but the speed 
of the alignment is much slower than those using dynamic programming technique. Ab initio 
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technique is used when there is no structural homolog of the target protein in the structure 
data base. If there is no template structure available that can be used to approximate the 
native structure of the target sequence, global minimum of the protein structure needs to be 
identified by computationally searching for the three-dimensional configurational space. Ab 
initio predicts the structure of the target sequence by globally optimizing the potential energy 
function. 
We have developed a threading method to predict the structures of proteins of unknown 
structure [9]. Our threading method attempts to predict the approximate native structure of 
the target protein sequence by aligning the sequence onto template structures in a structure 
data base. Any template structure that shows a significant structural match to the target 
sequence can be a potential approximation of the native structure of the target sequence. The 
alignment between the target sequence and the template structure is conducted in a way to 
maximize the energy/scoring function of the alignment. The energy function of the alignment 
consists of the contact energy term and a constant related to the entropy change upon contact 
formation. The alignment is performed using dynamic programming technique, which allows 
insertions and deletions in the target sequence. The gap penalties for the insertions and 
deletions depend on the secondary structure of the sequence, i.e. gap penalties are high in 
helical or beta sheet secondary structure regions and low in coil regions. Size effects of amino 
acid substitution is also included such that the size penalties are high when the size difference 
between the substituting residue and the residue being substituted is big, and low otherwise. In 
addition, secondary structure effect is included in the threading alignment score. Whenever the 
actual secondary structure of the residue in the template structure matches that of predicted 
secondary structure of the sequence, the alignment score is enhanced. As a measure of the 
significance of the threading score, we introduced a relative score which omits the standard 
deviation term from the frequently used Z-score [10, 11]. 
Our threading method may have advantage over other techniques in that the contact infor­
mation of the structure is directly included while the computation time is significantly reduced 
by using the dynamic programming alignment technique. As such, our threading method may 
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be very useful to predict the structures of proteins whose sequence identity to the structural 
homolog in the data base is very low. 
Our threading method has been applied to several biological problems. First, we applied 
our threading method to screening for TNF-like molecules in the entire Arabidopsis proteome. 
Second, using the threading, we attempted to predict the structures of Rev proteins from 
various Antiviruses (EIAV, HIV-1, FIV, and SIV). Finally, threading has been carried out to 
detect so far unidentified protein kinases in C. elegans and Arabidopsis proteomes. 
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CHAPTER 2 BACKGROUND 
2.1 Proteins 
Proteins are polymer chains that are built from 20 different types of amino acid monomers. 
A protein polypeptide chain is generated by joining amino acids end-to-end through peptide 
bonds. In general, proteins can be classified into three types: fibrous, membrane or globu­
lar [12]. 
Fibrous proteins such as collagen, which contributes to tendon and bone, and a-keratin, 
which makes up hair and skin, serve mainly structural roles. Membrane proteins reside in 
cellular membranes, where they mediate the exchange of the molecules and information across 
cellular boundaries. Most proteins in the cytoplasm of cells are soluble in aqueous environment 
and adopt compact globular morphology. These globular proteins are the catalysis for virtually 
all biochemical reactions in living cells. The basic structure of the amino acids is shown in 
Figure 2.1. With an alpha carbon at the center, amino group, carboxyl group, and a hydrogen 
atom are covalently bonded to the alpha carbon. This is the common feature shared by all 
20 amino acids. The difference among 20 amino acids occurs in the R-group which is also 
called a side chain. Because the peptide units are effectively rigid, in connecting amino acids 
to generate a protein, the degree of freedom arises from the rotation of the side chain, and the 
two rotational angles, </> and ip angle, around N — Ca and Ca — C' bond, respectively. 
Twenty amino acids are shown in Figure 2.2. Depending on the properties of the side chains, 
amino acids can be categorized into two main classes: hydrophobic and polar. The properties 
of the amino acids based on the hydrophobicities of their side chains are of importance because 
the major driving force to protein folding is hydrophobic interaction [13]. The folding of the 
water-soluble globular proteins is driven by packing hydrophobic side chains into the interior 
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Peptide 
<-R group 
' (side chain) Beta carbon 
Figure 2.1 The structure of amino acids which are the building blocks of 
proteins. All twenty amino acids share a common structure 
except the R group or side chain. In proteins, amino acids 
are connected by peptide bonds with conformational degree of 
freedom at 0 and ip angle. 
of the proteins. Thus the side chain hydrophobicities of the amino acids are very important 
in determining the structures and functions of proteins. A simple HP model which describes 
amino acids as either hydrophobic (Q — 1) or polar (Q — 0). in conjunction with a lattice model 
in which amino acids can occupy only the nodes of the cubic lattice, has provided important 
insights into the interactions in proteins as well as the mechanism of protein folding. 
The major problem with creating the hydrophobic core from the protein side chains is that 
the main chain of the protein is highly polar but it must be also buried in the interior of the 
protein. This problem is solved in a very elegant way by the formation of regular secondary 
structure within the interior of the protein molecule [14]. The protein backbone contains 
hydrogen bond donor and acceptor, NH and CO. Thus, by forming regular hydrogen bonds 
between NH and CO, the protein backbone can be neutralized in the protein interior. Such a 
secondary structure is usually one of two types: alpha helices or beta sheets. 
The most abundant type of alpha helix has 3.6 residues per turn with hydrogen bonds 
between CO of residue n and NH of residue n + 4. There are other types of helices which 
are tt helix and 3io helix in which hydrogen bonding occurs between n + 5 and n + 3 instead 
of n + 4, respectively. The tt helix and 3io helix are less energetically favorable. Different 
amino acids have different properties for helices vs strands. Ala, Glu, Leu, Met are good alpha 
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Figure 2.2 Naturally occurring 20 amino acids. The properties of amino 
acids are determined by their side chains that can be classified 
mainly into hydrophobic and polar. 
Primary protein structure 
Amino Acids 
/V 
Pleated sheet Alpha helix 
Secondary protein structure 
Pleated sheet 
Alpha helix 
Tertiary protein structure 
Quaternary protein structure 
Figure 2.3 Four different levels of protein structures. 
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helix formers while Pro, Gly, Tyr, and Ser are poor helix formers. Beta sheets are built up 
from beta strands which are usually from 5 to 10 residues long. The side chains in a beta 
strand point alternatively above and below the beta sheet. Usually beta sheets have their beta 
strands either parallel or antiparallel. Some beta sheets have mixed parallel and antiparallel 
beta strands but they are less common. Other than regular secondary structures such as alpha 
helices and beta sheets, there are also loop regions that are of irregular shape and variable 
length. The regular secondary structure regions are usually connected by the loops and the 
loop regions are exposed to the surface of the protein structure. These loop regions usually 
have functional rather than structural importance, and they frequently participate in forming 
binding sites and enzyme active sites. 
Tertiary structure, which is the third order level of structural organization of proteins, 
is formed by packing secondary structural elements into one or several globular units called 
domains. The way in which two or more polypeptide chains are arranged in a multisubunit 
protein is called the protein quaternary structure (Figure 2.3) [14]. 
2.2 Protein Folding 
Proteins fold into unique three-dimensional structures. Since the folded structures of pro­
teins are closely related to their functions, understanding and predicting the native structures 
of proteins from their amino acid sequences have been a challenge but a very important prob­
lem. Because of their importance in a variety of biological processes, globular proteins have 
been a major target for the protein folding and protein structure prediction studies. Globular 
proteins fold into compact and unique configurations that can have much internal symme­
try [12]. Depending on the conditions, globular proteins can fold into their compact native 
structures or unfold into denatured structures. 
Since Anfinsen proposed in 1973 that the amino acid sequence is sufficient to determine 
the three-dimensional folded structure of the protein [15], significant efforts have been made to 
investigate the fundamental protein folding mechanism and the physical driving force on protein 
folding from an amino acid sequence. Since the Kauzmann's first proposal in 1950s [13], it is 
Figure 2.4 A simplified representation of globular proteins. Upon folding 
of a globular protein, hydrophobic side chains (cyan) are buried 
in the interior of the protein and polar side chains (orange) are 
exposed to the solvent, which forms a polar environment. 
now well established that the major driving force to protein folding is hydrophobic interaction 
which is the tendency for hydrophobic amino acids to pack together in order to minimize the 
area of unfavorable contact with water. 
In 1968, Cyrus Levinthal raised a question, so-called "Levinthal paradox", as to how a 
protein find the global optimum without a global search of the configurational space [16]. 
Proteins fold by tens of orders of magnitude faster than the time required for a chain molecule 
to search its global optimum. If a protein truly searches all the possible conformational space, 
which later is termed as a " golf-course" energy landscape, a protein sequence should search 
astronomic number of conformations to fold into its global free energy minimum. This can 
be explained as follows. For a protein sequence of n amino acids, the number of possible 
conformations is N ~ //', where n ~ 2 — 6 is the number of rotational isomers and n is the 
number of residues. Thus a 100 amino acids long sequence should find its global minimum after 
searching for ~ 5100 configurations, which, if it takes a femto second to search a configuration, 
takes ~ 1055 seconds (~ 3 x 1047 years). This contradicts to the phenomena observed in 
naturally occurring proteins that it usually takes only a few seconds for a protein sequence to 
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Figure 2.5 Energy landscape models for protein folding. (a) A 
golf-course energy landscape model in which protein 
folding requires exhaustive search of all possible config-
urational space. (b) A pathway model which proposes 
that the protein folding occurs following a well-defined 
specific trajectory. (c) A smooth funnel-like energy land­
scape model. (d) A rugged funnel-like energy landscape 
model proposed by Wolynes and coworkers [17, 18]. The 
figures were downloaded from Ken Dill group website 
(http://laplace.compbio.ucsf.edu/~danny/NatStructBiol/fig-g 
allery.html) [22, 23] 
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find its global free energy minimum. 
A protein folding funnel model proposed by Wolynes and coworkers reveals that Levinthal 
paradox is not a real problem but merely a misconception [17, 18, 19]. In their funnel-like 
energy landscape model, they showed that the protein folding is driven by energetic process 
rather than random search. While Levinthal's golf-course energy landscape model on protein 
folding proposes that a protein sequence searches all possible conformational space to find 
its minimum free energy state, funnel-like energy landscape theory proposes that the protein 
folding is energetically driven to find its free energy minimum just as a ball rolling down the 
mountain can reach the bottom without rolling all over the surface of the the mountain. Four 
different energy landscape models on protein folding are shown in Figure 2.5. The vertical 
axis is the free energy and each point on the surface represents a possible conformation the 
protein can have. The width of the funnel is a measure of the entropy at particular free 
energy state. Figure 2.5 (a) shows the golf-course energy landscape, according to which a 
protein must search all possible conformational space to find its global free energy minimum 
as Levinthal first proposed. Figure 2.5 (b) shows a pathway-like energy landscape. This 
energy landscape model suggests that there is a well defined single protein folding pathway 
which all the proteins follow to find their global free energy minima. Figure 2.5 (c) shows a 
smooth funnel-like energy landscape. Smooth funnel landscape is obtained from the system 
undergoing two state transition, i.e. transition from a high energy high entropy disordered 
phase (unfolded protein) to the low entropy low energy phase (folded protein). A rugged 
funnel-like protein folding energy landscape is shown in Figure 2.5 (d). A rugged funnel energy 
landscape is obtained from a system in which many competing interactions exist (frustration). 
The funnel energy landscape model suggests that there are multiple folding pathways and the 
protein folding should be viewed as parallel events by many different ensembles of proteins 
each following different trajectories on the funnel-like free energy surface. This implies that 
the protein folding following the funnel energy landscape should be statistically treated. The 
funnel energy landscape for protein folding can explain the Levinthal paradox and provides 
important insights into the phenomena related to protein folding events. Nonetheless, different 
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proteins have different energy landscapes thus determining the shape of the energy landscapes 
for proteins still remains as a challenge [20, 21]. 
2.3 Protein Structure Prediction 
The genome sequencing projects in various organisms generated huge amount of protein 
sequences. Once a protein sequence is determined, detailed understanding of its molecular 
function requires experimental determination of its three-dimensional structure. Compared 
with the speed of the identification for protein sequences, the speed of protein structure de­
termination by experimental methods such as x-ray crystallography and NMR spectroscopy 
has been very slow and expensive. Thus, although they may give only a rough approximation 
of the native structure of proteins, high throughput protein structure prediction methods are 
highly desirable. High throughput automatic protein structure prediction methods will facil­
itate functional annotation of genomes. Also, computationally modeled structures are often 
very useful in guiding the design of experimental approaches to test protein function. 
While the protein folding problem focuses on the folding process of a protein from the 
denatured state to the native structure, the protein structure prediction problem focuses on 
determining the final native state conformation of a protein starting from its primary sequence. 
Protein structure prediction problem can largely be divided into two types, i.e. whether a tar­
get protein sequence has structural homolog in the known structure data base or not. It is 
estimated that, while the number of possible protein sequences is huge, the number of unique 
protein folds is approximately 1,000-7,000 [24, 25]. This implies that a number of protein se­
quences share a common fold. Indeed, there are 25,115 protein structures in protein data bank 
(PDB) (http://www.rcsb.org/pdb/) as of April 2004, most of which are experimentally deter­
mined. However, a large number of them share common structural domains and thus are clas­
sified in the same superfamily or family in Structural Classification Of Proteins (SCOP) [26]. 
Not all but most of the proteins sharing a common three-dimensional structure share a com­
mon function. This may possibly be explained by evolutionary relationship. The proteins 
that share a common ancestor might have diverged through mutations to adapt themselves 
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to the change in the environment so that, even though the sequences change, their structures 
and functions still remain relatively unchanged. This evolutionary relationship among protein 
sequences and their structures can be efficiently used in predicting the native structures of pro­
teins. As such, for predicting the structure of a protein sequence, the first thing to be checked 
is the sequence similarity between the target sequence and protein sequences in structure data 
base. This method falls into the homology modeling category. It is also possible that, even 
though there is no sequence similarity that can be detected by homology modeling method, still 
there may be proteins that share a common structure with the target protein. In such cases, 
the protein of known structure is called structural homolog of the target protein. Threading or 
"fold recognition" methods target identifying structural homologs without detectable sequence 
homology (sequence similarity < 30%). If no structural homolog exists in the structure data 
base, then the conformation of the native state needs to be identified by globally minimizing 
the free energy, which falls into the ab initio or de novo method. 
2.3.1 Sequence alignment and homology modeling 
When a target protein of unknown structure has structural homolog in the structure data 
base, the structure of the target protein can be modeled by using the homologous structure as 
a template. For this, first the target protein sequence needs to be aligned against the template 
protein sequence whose structure is already experimentally determined. Homology modeling 
has been so far the most successful method for protein structure prediction, if there exists 
sequence similarity above 30% [5, 6, 7]. 
The existing pairwise sequence alignment techniques such as BLAST [27] and FASTA 
[28, 29] use fast and efficient dynamic programming method. The efficient usage of the dy­
namic programming method for the global pairwise sequence alignment was first developed by 
Needleman and Wunsch [30]. To obtain optimal alignment between the target sequence and 
the template sequence, they aligned two sequences in two dimensional array. The number in 
each cell is the weight for the substitution of an amino acid by the other amino acid, thus a 
large number means that an amino acid is likely to be substituted by the other amino acid. 
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The alignment, between the sequences are obtained as follows. Every possible comparison be­
tween the two sequences can be represented by pathways through the two-dimensional array 
or matrix, My. An i or j can occur only once in a pathway because a particular amino acid 
cannot occupy more than one position at a time. If Mmn is a part of a pathway including 
Mij, the only permissible relationships between these two indices are either m > i, n > j or 
m < i, n < j. A pathway is signified by a line connecting cells of the array. A diagonal line 
(•m — i = n — j) contains no gaps. A jump along a column (m — i < n — j) means an insertion 
in the target sequence, and a jump along a row (m — i > n — j) means a deletion in the target 
sequence. The optimal alignments between two sequences are obtained from pathways which 
generate the maximum sum along the pathway. 
While the global sequence alignment algorithms align sequences over their entire lengths, 
a local sequence alignment searches for regions of local similarity and need not include the 
entire length of the sequences. The local alignment is particularly useful when two proteins 
share a similarity in one domain but not others. The FASTA local sequence alignment tool by 
Pearson and Lipman determines the pairwise sequence similarity through four steps [28, 29]. 
In the first step, all identities or groups of identities between two sequences are located, and 
the 10 best diagonal regions are found. In the second step, the 10 best alignments are rescored 
using a scoring matrix or a substitution matrix. Third step joins initial regions with score 
greater than a threshold. The optimized alignment centered around the highest scoring initial 
region is recalculated in the fourth step. These pairwise local alignment tools are very useful 
for scanning databases or when we do not know that the sequences are similar over their entire 
lengths. 
Once the alignment between the target sequence and the template sequence is obtained 
by sequence alignment tools, the native structure of the target protein needs to be modeled 
based on the sequence alignment. The basic idea of homology modeling is that the backbone 
structures of the target protein is the same as that of the template protein structure, which is 
sometimes not true. Although the backbone structure of the target protein and the template 
protein is nearly the same, the conformation of the side chains may be very different. More 
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sophisticated homology modeling packages such as MODELLER [31] and JACKAL can be 
used to model the side chains and refine the overall structure to minimize collisions and high 
packing densities. 
2.3.2 Threading 
The threading or the fold recognition method is very useful when the sequence similarity 
between the target protein and its structural homolog in the known structure data base drops 
to below 30%. In such cases, sequence alignment method for searching structural homologs is 
very unreliable, thus a more elaborate way to include structural information in the alignment 
process is necessary. Threading methods aim at including structural information that is missed 
by sequence comparison methods in the alignment process. Structural information can be 
included in several different ways [32, 33, 34, 35, 36]. 
One of the most popular and successful method is the profile method which defines the 
structural environmental class for each residue in the template structure and generate a sub­
stitution matrix from the probability for amino acids be in each environmental class [3, 36]. 
Another threading method is to calculate residue-residue contact pair potentials and maxi­
mize the score for the hydrophobic core. The former is very efficient in that a fast dynamic 
programming can be readily adopted but has a limitation because some times the structural 
environments are not well conserved. The latter can better include the structural information 
because the dominant driving force to the protein folding is the hydrophobic core formation 
upon the contacts among hydrophobic residues, but it is very difficult in that it is an NP-
complete problem that requires an exponential, rather than polynomial, amount of computa­
tion time. Together, threading method can largely be divided into two types: (1) including the 
structural information as a profile from structural environmental classes; (2) directly including 
pairwise contact potentials. 
Here, the 3D profile method proposed by Eisenberg and coworkers will be briefly de­
scribed [36]. The 3D profile method represents a template structure as a string of a descriptor 
that describes the structural environment. Three structural environmental classes are con-
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Figure 2.6 The substitution matrix used for a profile threading method 
by Eisenberg and coworkers. The profiles are based on eigh­
teen different structural environmental classes that represent 
the burial of the side chains, the fraction of the side chain areas 
that is covered by polar atoms or water, and the local secondary 
structure. 
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sidered: (1) the total area of the side chains that is buried by other protein atoms; (2) the 
fraction of the side chain areas that is covered by polar atoms or water; (3) the local secondary 
structure. In this manner, a 3D protein structure is converted into a ID string, like a sequence, 
which represents the environment class of each residue in the folded protein structure. The 18 
environment classes of a structure is generated as follows. The environment of a side chain is 
first classed as buried (B), partially buried (P), or exposed (E) according to its solvent accessi­
ble surface area. The buried and partially buries residue environments are further subdivided 
based on the fraction of the environment consisting of polar atoms, P\ and Pi for partially 
buried residues, and B\, Bg, and for buried residues in order of increasing environmental 
polarity. The six environment classes (E, Pi, Pi, B\,Bi, B3) are further distributed into three 
secondary structure types, a helix, (3 sheet, and other, to give a total of eighteen environment 
classes (Ea, E/3, E, B\a, Bi(3, Bx,P\a, Pij3, Pi...). 3D-ID scoring table in which the score for 
pairing residue i with an environment j is given as follows. 
3D — ID score ij = (2.1) 
i 
where P(i,j) is the probability of finding residue i in environment j and Pi is the overall 
probability of finding residue i in any environment. The 3D-ID scoring table is shown in Figure 
2.6. The profile of a template structure can be built from the 3D-1D scoring table. Thus the 
alignment between the target protein and the template structure is converted into the sequence 
alignment problem between the target protein sequence and the string of the environments. 
This problem can be easily solved by adopting the dynamic programming algorithm. 
While the profile method can detect the structural similarity between the target sequence 
and the template structure whose sequence similarity is below 30%, it should be noticed that 
it is also possible that the divergence of the protein does not keep the structural environments. 
In this case, a method to better identify the core of the protein structure, which is critical for 
maintaining the structural integrity, is necessary. Directly including pairwise contact potentials 
may fit this purpose. Our threading algorithm that will be describe in Chapter 3 belongs to 
this category. 
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2.3.3 Ab initio 
When the target sequence shares no structural similarity with structures in the structure 
data base, the native structure of the protein needs to be predicted by searching the config-
urational space. The best structure will be obtained from all-atom model including accurate 
physical forces. However, limitations in the current computational capacity makes this nearly 
impossible. Using reduced representations of proteins makes the computation less demand­
ing. Some of the reduced models represents a residue using only two sites, i.e. one for the 
backbone and the other for the side chain. Others use several sites including backbone heavy 
atoms and a side chain. Although it is known that the major driving force to the protein 
folding is hydrophobic interaction, and there exist some empirical energy function describing 
the interaction for protein folding, the exact potential is still unclear. Even though the exact 
potential is known, it is very difficult to identify the free energy minimum starting from the 
denature state. As such, for ab initio method for protein tertiary structure prediction, we need 
to establish three factors: (1) a strategy for a reduced protein representation; (2) a potential 
function; (3) a scheme for searching the conformational space. 
One of the most successful ab initio method to date is ROSETTA by Baker and cowork­
ers that is based on assembly of short fragment protein structures obtained from the existing 
structural data base [37, 38, 39]. In ROSETTA method, structures are represented in a sim­
plified model consisting of the heavy atoms in the main chain and Cp atom of the side chain. 
The target protein sequence is broken into overlapping nine residue fragments. The size of 
the fragment, nine, is selected so that the correlation between the local sequence and the local 
structure is maximum. The conformational search space is defined by the nearest neighbor 
procedure. The multiple sequence alignments among protein sequences whose structures are 
experimentally determined are available from HSSP data base. For each segments of length 
9 in the target protein sequence, the nearest 25 sequence neighbors of length 9 residue in the 
structure data base are first identified based on the distance in the frequency distribution as 
follows. 
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N 20 
Distance = ^  ^  \S(aa,i) — X(aa, z)| (2.2) 
i=l aa— 1 
where S(oa, i) and X(aa, i) are frequency of amino acid aa at position i in nine residue segments 
of the target sequence and one of the proteins in the HSSP multiple sequence alignment data 
base, respectively. The conformation of each segment is chosen from the ensemble of structures 
obtained from the 25 sequence nearest neighbors of HSSP. All homologs of the target protein 
with sequence identity greater than 25% are removed from the data set to eliminate bias in the 
fragments and the scoring function. The search for the configurational space which consists 
of the fragment structures for the nearest neighbors is carried out using simulated annealing. 
All simulations start from the fully extended configuration. A move consists of substituting 
the torsional angles of a randomly chosen neighbor at a randomly chosen position for those of 
current configuration. Moves which bring two atoms within 2.5À are immediately rejected, and 
other moves are evaluated according to the Metropolis criterion using the following equation. 
P(structwe|seg%ence) ^ (2.3) 
The ab initio fragment assembly method by Baker and coworkers proved to very accurately 
predict the protein tertiary structure without using any templates starting from the amino 
acid sequence alone. The success of the fragment assembly method might imply that there is a 
building block for three-dimensional structure of proteins, and that the nine residue structure 
fragment well correlates with the structural building block. 
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CHAPTER 3 PROTEIN THREADING 
3.1 Li-Tang-Wingreen parameterization of the Miyazawa-Jernigan matrix 
Protein structure prediction by computational methods has been a challenge mainly due 
to the lack of detailed information on interaction energy that guides the protein sequence to 
fold into its native structure as well as the efficient but reliable scheme to search the global 
minimum free energy state of the folded protein. From the most typical interaction energy 
function that includes van der Waals interaction, coulombic interaction, bond angle distortion, 
and hydrogen bonding to highly simplified interaction scheme that takes into account only the 
hydrophobic interaction among hydrophobic amino acids, various interaction energy function 
schemes have been developed. Among others, in combination with the protein threading 
methods, the statistically derived contact interaction energy by Miyazawa and Jernigan proved 
to be very efficient for predicting tertiary structure of the proteins. 
Based on the quasi-chemical approximation, Miyazawa and Jernigan derived the pairwise 
contact interaction energies between residues by counting the number of their contacts in 
47 experimentally determined globular protein structures selected from PDB [40, 41]. The 
assumption underlying the contact formation among residues is that neighboring site pairs, 
i — j and k — I are in quasi-chemical equilibrium with one another. 
i j 
where Eij is the contact energy between residue type i and residue type j, and is the number 
of their contacts . The relationship between the contact energy, and the statistical average 
i — j  +  k  —  —  k  +  j ~ l  (3.1) 
The partition function of the system is represented as follows. 
(3.2) 
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of the number of contacts between residue type i and j, ûij can be obtained by maximizing 
the partition function with respect to riij. 
The statistically derived Miyazawa-Jernigan (MJ) contact energy matrix (My) has later 
been decomposed and reconstructed using the eigenvalues and corresponding eigenvectors of 
the matrix by Li and coworkers [42]. They showed that the MJ matrix which contains infor­
mation on complicated interaction in proteins can be simplified and represented by its first two 
eigenvalues and eigenvectors. N x N MJ matrix can be represented by its eigenvalues, Aa's 
and eigenvectors, Va/s as follows. 
N 
Mij = ^ ] ^aVa,iVa,j (3-3) 
a= 1 
Subtracting the mean (My) from each element and then analyzing the eigenvalue spectrum of 
the remaining matrix, the eigenvalue spectrum has two dominant eigenvalues. 
— (Mij) = MVijVij + (3.4) 
Further analysis shows that the Vi,j is related to Vi,, by shift and rescaling: V2,i = 7 + 
thus the MJ matrix can be represented by its first eigenvector. 
Mij = Co + C\ (% ~\~ Qj) ~\~ C2QiQj (3.5) 
where qi = V\j, and Cs are constants. In this manner, the original MJ matrix which was 
described by 210 independent parameters can now be described by 20 parameters, q values, 
that are associated with 20 amino acid types, and three other coefficients. 
The physical meaning of q values can be derived by rewriting the MJ matrix. 
Mij = hi + hj — Ci(qi — qj)2/2 (3.6) 
where 
= Co/2 + Ci% + (C2/2)g? (3.7) 
with C0 = -1.492, Cx = 5.030, and C2 = -7.400. 
The physical meaning of Mij is the free energy change in forming a contact between type 
i and type j amino acids in water (Figure 3.1). Thus My contains free energy changes corre­
sponding to two steps of chemical reactions: ( 1 ) i — i and j —j contact formation from the two i 
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Figure 3.1 Miyazawa-Jernigan (MJ) contact energy involved in two i — j 
contact formation which can be explained by the i — i and j - j 
contact formation followed by mixing, (a) i — i contact for­
mation from the two i type of residues in water. This process 
corresponds to hi of equation (3.6). (b) j — j contact formation 
from the two j type of residues in water. This process corre­
sponds to hj of equation (3.6). (b)two i — j contact formation 
from i — i and j — j pairs in water. This process corresponds to 
quadratic term in equation (3.6) and can be explained by the 
mixing energy in Hildebrand's solubility theory. 
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and j  type of residues in water; (2) two i — j  contact formation from i  —  i  and j — j  pairs in water. 
The energy involved in the first step is related to the linear term in equation (3.6), hi + hj, that 
strongly correlates with hydrophobicity of the residue. The quadratic term, —Cg(% — qj)2 /2, 
in equation (3.6) can be obtained by introducing the quantity Xij = 2Mij — Ma — Mjj which is 
exactly the energy corresponding to the second step. The quadratic term resembles the mixing 
energy of two simple liquids by Hildebrand's solubility theory EMIXING oc (SA — SB)2 where 
Sa and 5b are solubility parameters [43]. Thus the 20 qCs should be related to the solubility 
parameters. To summarize, the processes related to the MJ contact energy M^ can be viewed 
as the i — i and j — j contact formation followed by mixing of i and j, which can be explained 
by the linear term and quadratic term of equation (3.6), respectively. In the protein folding 
process however, the quadratic term is negligible compared with the linear term, ~ 15 %, 
therefore the hydrophobic interaction is the dominant driving force to protein folding. The 
distribution of the 20 % values that have been derived by Li and coworkers shows that the 
amino acids fall into two groups, i.e. polar with large q and hydrophobic amino acids with 
small q (Figure 3.2). 
The equation (3.5) can be factorized with additional constant term in a following way. 
Mij  =  Ci{ {q i  +  a) (q j  + «) + /?} (3.8) 
where a = C1/C2 and (3 = C0/C2 - (C1/C2)2. 
The fact that the eigenvector of the the MJ matrix can be represented by 20 q values 
and that the MJ matrix can be represented in a factorized form with an additional constant 
as shown in equation (3.8) lead us to describe the complicated interaction existing in folded 
proteins in a much simplified way. We apply the Li-Tang-Wingreen parameterization of the 
MJ matrix to our threading scheme that aims to predict the structure of a protein sequence 
using the known protein structures as templates. 
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Figure 3.2 Distribution of q values for 20 amino acids calculated by Li et 
al. Large q corresponds to polar, and small q corresponds to 
hydrophobic amino acids (The graph is obtained from FIG 3. 
of Phys. Rev. Lett. 79 765-768). 
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3.2 Protein Threading 
3.2.1 Contact energy 
C2 in equation (3.8) contributes only to the relative scale of the MJ contact energy, thus 
by shift and rescaling, the MJ contact matrix can be represented in a factorized form with 
modified qi s and an additional constant. 
My = QiQ, 4- (3.9) 
where Qi = -<% + a with a = 0.6797, (3 = -0.2604. Because most of the q values derived 
by Li-Tang-Wingreen are negative, the modified q values, Q values, are positive and can be 
viewed as hydrophobicity parameters. In addition, because C2 is negative, the modified MJ 
contact energy My has opposite sign to the MtJ. Thus My which is the free energy gain upon 
i — j contact formation can be interpreted as the gain of hydrophobic energy, the first term in 
equation (3.9), with the loss of entropy upon contact formation, the second term in equation 
(3.9). 
The same shift and rescaling strategy can be applied to describe the contact energy of folded 
proteins. Given a protein structure of length N, it can be represented in amino acid level, 
which is a coarse grained model providing a manageable size of a protein for computational 
calculations. Each amino acid is represented by the center of the side chain. Then the protein 
structure is represented as N connected points in a three dimensional space. Any two amino 
acids are defined to be in contact if the inter-residue distance is less than a cutoff distance Rc, 
and not in contact otherwise. The cutoff distance for contact is set to be 6.5Â. Following the 
definition for a contact, a contact matrix C that describes the inter-residue contact information 
among residues of the protein structure can be defined as follows. 
J 1 if ri;j < Rc 
Cij — < 
I 0 otherwise 
The conformational energy of the protein structure can be represented by the sum of all 
inter-residue contact energies. The contact energy depends on the contact matrix as well 
as the properties of the residues which are involved in contacts. Because the major driving 
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force to protein folding is the hydrophobic interaction, the most relevant property involved in 
the protein folding might be the hydrophobicity of the amino acids. HP model incorporates 
the hydrophobicity of the amino acids in the simplest way. In HP model, an amino acid is 
represented by the hydrophobicity parameter which is 1 if the amino acid is "hydrophobic", 
and 0 otherwise. The Q values, in equation (3.9) can better represent the hydrophobicity of 
20 amino acids thus we choose to use the Q values to represent a protein sequence. Now, the 
contact energy of the protein of length N with sequence vector S and a structure represented 
by the contact matrix C is as follows. 
3.2.2 Eigenvector analysis 
Our threading method utilizes known structures as templates to predict the structure of 
a protein sequence of unknown structure [9]. In our threading, a protein sequence is repre­
sented by Q values and the template structure is represented by its contact matrix C. The 
ultimate goal of threading a sequence onto a given structure is to find the best alignment be­
tween the query sequence and the native sequence of the structure so that the structure of the 
query sequence obtained from the alignment is at minimum free energy state. Nevertheless, 
when the sequence similarity drops to twilight zone, i.e. similarity below 30%, direct sequence 
alignment without including any structural information makes it impossible to recognize a 
structural similarity between them. Thus the sequence alignment method fails in recognizing 
structural homologs in twilight zone. Threading methods target incorporating the most impor­
tant structural features that can be missed by the sequence alignment methods. Because the 
hydrophobic interaction is the dominant driving force to protein folding, a means to describe 
the hydrophobic core of a protein structure is needed. 
Eigenvector analysis of the contact matrix provides important insights into the hydrophobic 
core of a protein structure. The N x N contact matrix can be diagonalized by solving the 
N 
(3.10) 
where S = (Q i, Q2,  , QN)-
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following equation. 
CV = AV (3.11) 
Following the diagonalization of the contact matrix, N number of eigenvalues, Aj's, and cor­
responding eigenvectors, Vj's, can be readily obtained. The N eigenvectors are orthogonal to 
one another and are the unit vectors in N dimensional space. 
V j - V j  
1 if i = j 
0 otherwise 
Thus a vector T in N dimensional space can be represented by the sum of the contributions 
from all eigenvectors Vj's of the contact matrix C. 
N N 
T 
= E ViV*)T = £(ViT)-Vi (3.12) 
i=1 i=1 
If we consider the vector T as the native sequence of the template structure, the coefficient, VjT, 
of the i-th eigenvector, V, is the projection of the sequence vector onto the z-th eigenvector. 
Interestingly, the spectrum of the overlap between the native sequence of the structure and 
the z-th eigenvector, VtT, shows strong correlation with the corresponding eigenvalue, Xt 
(Figure 3.3). Thus the native sequence of the structure can be well approximated by the first 
eigenvector of the contact matrix. 
N 
T = g(V;T)Vj ~ (ViT)Vi (3.13) 
i=i 
What is the physical origin that makes this approximation possible? It might be related to 
the evolution of the protein and the physical quantity that is invariant throughout the process 
of the evolution. Suppose that a protein sequence folded into a particular three dimensional 
structure existed in a million years ago. To adapt itself to the change of the environment, 
the protein would have undergone mutations in its sequence. However, because the particular 
tertiary structure of the protein is essential for its proper function, the physical properties 
essential for maintaining the structure must have remained in the structure. Now it is well 
established that the major driving force to protein folding is hydrophobic interaction that 
originates from the property of the hydrophobic residues to avoid water which is polar. Thus 
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Figure 3.3 The spectrum of the overlap between the native sequence of the 
structure and each eigenvector of the contact matrix of PDB 
ID laba: |VjT|. The native sequence of the structure shows 
the largest overlap with the first eigenvector and the overlap 
with the other eigenvectors are negligible. The spectrum was 
extracted from PDB ID laba. 
the protein would have evolved such that the amino acids which are critical for maintaining the 
hydrophobic core of the structure are invariant while other amino acids underwent constant 
mutations. Further, probably the sequence of the protein million years ago would have been 
the first eigenvector of the contact matrix. Considering that the other N — 1 eigenvectors 
are orthogonal to the first eigenvector, the contributions from the other N — 1 eigenvectors 
might be the noise accompanied by mutations on the protein sequence. This assumption can 
be checked by examining the contribution of the eigenvectors to the hydrophobic core of the 
structure. The hydrophobic core of the protein structure which is described by the degree of 
the hydrophobic contacts can be described by the contribution from all eigenvalues and their 
corresponding eigenvectors. 
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Figure 3.4 The fraction of the hydrophobic contacts contributed by each 
eigenvector of the contact matrix: r, = • The hy-
drophobic contacts formed by the first eigenvector is dominant 
and the hydrophobic contacts by the other eigenvectors are neg­
ligible. The spectrum was extracted from PDB ID laba. 
n = (3-15) 
N N 
Hydrophobic Contacts = TCT = T\iVlVi)T = Ai|VjT|2 (3.14) 
i=1 i=l 
Thus the fraction of the hydrophobic contacts contributed by the i-th eigenvector can be 
represented as follows. 
MViiy 
E,1iA-(V.T)2 
The correlation between the eigenvector and the hydrophobic contacts contributed by the cor­
responding eigenvector is shown in Figure 3.4. As was expected, the fraction of the hydrophobic 
contacts by the i-th eigenvector correlates well with the overlap between the native sequence 
and the i-th eigenvector of the protein structure. As can be seen, the major contribution 
to the the hydrophobic contacts comes from the first eigenvector, which makes the following 
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approximation possible. 
N N 
Hydrophobic Contacts = TCT = ï A < V < V J T  =  ^  A ^ | V j T | 2  ~  A i | V i T | 2  ( 3 . 1 6 )  
i=l i=1 
This shows that the hydrophobic core of a protein structure can be best described by the 
first eigenvector of the contact matrix and that the first eigenvector can well capture the 
hydrophobic core of the protein structure. 
As such, in the threading procedure, we choose to use the first eigenvector of the contact 
matrix as a profile that best represents the most important structural information of the 
protein structure, and instead of aligning the query sequence against the native sequence of 
the template structure, we align the the query sequence against the first eigenvector of the 
contact matrix. In the actual threading process, however, to improve the chance for obtaining 
the correct alignment, multiple initial profiles such as the first four eigenvectors and native 
sequence of the template structure and a sequence corresponding to the frozen approximation 
were used as initial profiles. Threading process repeats to align the sequence with the profile 
and to update the profile in an iterative manner. 
3.2.3 Profile generation and alignment 
Six profiles for the threading are generated from the first four eigenvectors of the contact 
matrix, the native sequence of the template structure, and the sequence corresponding to the 
frozen approximation. Let the profile be p. The profile for the first alignment, P, is generated 
by multiplying the profile to the contact matrix. 
P = Cp (3.17) 
This procedure changes the profile so that the hydrophobicity of the components that are 
involved in contacts with other components is increased. The query protein sequence is rep­
resented by a vector S whose components are Q values, the hydrophobicity parameters. The 
similarity between the query sequence and the profile is the projection of the sequence onto 
the profile (scalar product of the two vectors) with the normalization. 
Similarity = — (3.18) (SS)(PP) y 
32 
The similarity between the two vectors can be efficiently improved by aligning the two 
vectors using the conventional dynamic programming technique allowing the insertions and 
deletions in the sequence vector. Two major factors are taken into account in the alignment 
process, i.e. size effects and secondary structure effects to the amino acid substitution. The goal 
of threading a protein sequence onto a given template structure and obtaining the alignment 
between them is to generate the structure of the query sequence using the structure of the 
template sequence. In that case, the assumption behind should be that the folded structure 
of the query sequence is very similar to the template structure. Aligning the query sequence 
against the template sequence can be viewed as substituting amino acids in the query sequence 
for the amino acids in the template structure. Thus the substitution of the amino acids should 
depend on the difference in size of the substituting amino acid and the amino acid being 
substituted. If an amino acid in the template structure is substituted by much bigger amino 
acid than itself, it will generate too high packing density in surrounding environment. If an 
amino acid in the template structure is substituted by much smaller amino acid than itself, 
then the cavity created by the substitution will destabilize the structure. Nevertheless, if the 
residue being substituted makes just a few or no contacts with other residues, the size difference 
will do little effect on the stability of the protein structure. 
In our threading scheme, amino acid size effects to the substitution are included in a 
following way. If the size difference between the substituting residue and the residue being 
substituted in the template structure is reasonably small, regardless of the number of the con­
tacts the residue in the template structure makes, no size penalty is applied to the substitution. 
If the size difference is bigger than a cutoff level, the size penalty of the substitution strongly 
depends on the number of contacts the residue in the template structure makes:(1) although 
the residue in the template structure is substituted by a much bigger residues, if it makes 
very few contacts, e.g. one or no contacts, there is no size penalty to the substitution;(2) if 
the substitution is made by a much bigger residue and the residue being substituted makes 
many contacts like more than three contacts, the substitution is strongly penalized. The size 
penalties for other substitutions are in between. 
33 
The secondary structure profile of the query sequence is generated based on three secondary 
structure prediction software packages, i.e. PSIPRED [44], PROF [45], and Sam-T99. For each 
of the residue in the query sequence, if the secondary structure predictions by three servers 
agree, the consensus of the predictions is assigned as the secondary structure for the residue, 
and the secondary structure is left unassigned otherwise. Secondary structure effects on amino 
acid substitution is included in the threading in a following way. Whenever the actual secondary 
structure of the residue in the template structure matches that of predicted secondary structure 
of the sequence, the alignment score is enhanced by the factor as follows. 
where N+ and AL are the total number of matches and mismatches between the predicted 
secondary structure of the query sequence and the template secondary structure, and Ns is 
the total number of aligned residues in the template structure, respectively. 
Our threading scheme allows gaps which is essential for recognition of structural homolog of 
the query sequence. Gapless threading is fast and efficient for recognizing the native structure 
of itself but the structural homologs are nearly unrecognizable. While the gaps in the coil 
regions are slightly penalized, those in the well structured secondary structure regions such 
as a helix and f) sheet are strongly penalized. Because the coil region is important not for 
maintaining the structure but for functional reason, deletion in the coil region is not penalized 
at all. 
Once the alignment between the query sequence and the profile is obtained, the contact 
energy of the aligned sequence on the template structure is calculated. Let the aligned sequence 
be S' = (Qi, QII..., QN)- The contact energy after the alignment is as follows. 
where n is the number of aligned residues and the (3 is a constant related to the entropy 
reduction in equation (3.9), respectively. The contact energy is enhanced by the secondary 
structure alignment between the sequence and the profile as follows. 
n 
(3.20) 
Es = (1 + f)Ec (3.21) 
34 
where / is the enhancement factor in equation (3.17). 
Now, based on the alignment, the profile is also updated. While the components of the 
profile vector that are not aligned with the sequence vector remains unchanged, ones aligned 
with the sequence vector are replaced by the corresponding components in the sequence vector. 
Let the newly obtained profile be P'. Because the change in the profile by this profile update 
might be too dramatic, we employ a mixing scheme that mixes the old profile and new profile 
by half and half. Thus the new profile becomes as follows. 
The new profile generated by the mixing scheme is converted to another vector to be used in 
the next iteration of threading. 
Threading process repeats to align the sequence with the profile and to update the profile in 
an iterative manner, and Pi will be used as a profile for the threading in the first iteration 
step. The iteration repeats until the profile converges, i.e. Pn+i = Pn. 
3.2.4 Significance of the threading score: R-score 
The significance of the threading can be assessed by several ways. One of the handy way is 
to compared the threading score obtained by threading a sequence onto a template structure 
with those when the sequence is threaded onto other structures. Because the assumption 
behind the threading approach is that if any template structure is a good approximation for 
the native structure of the query sequence, threading the sequence onto that structure will give 
lower threading score than those when threaded onto any other structures. Thus as a measure 
of the significance of the threading, we can select representative structures from PDB and 
thread the sequence against all the representative structures, and compare the threading scores. 
Nevertheless, there is a significant problem in this approach. The amino acid compositions for 
the representative structures are all different, thus irrespective of the degree of structural 
compatibility between the structure of the query sequence and the template structure, the 
P = i(P + P') (3.22) 
Pi — CP (3.23) 
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template structures with a large number of hydrophobic residues or hydrophobic contacts have 
higher probability to give significant threading score than other template structures. In order to 
remove the amino acids composition effects, many people used statistical approaches. Instead of 
threading a sequence against multiple template structures and comparing the threading scores 
obtained by them, threading uses only one template structure. Instead, by randomly shuffling 
the query sequence, multiple sequences are generated and in addition to the original query 
sequence, the randomly shuffled sequences are also threaded against the template structure. 
Because the randomly shuffled sequences are not related to the original query sequence except 
that they have the same amino acid composition, the threading score by the random shuffles 
will be low. Thus if the query sequence has significant compatibility to the template structure, 
the threading score of the query sequence against the template structure will be much higher 
that those of random shuffles. The statistical significance of the threading score of the query 
sequence against the template structure can be assessed by introducing, so called, the Z-score. 
praw jpave 
Z — score = (3.24) 
a 
where Eravj,Eave, and a are the raw score, average score and the standard deviation of the 
threading score for random shuffles of the sequence. If the threading score for the random 
shuffles follow the gaussian distribution, the exact probability for the template structure to be 
the native structure of the query sequence can be calculated. Nevertheless, the distribution does 
not usually follow the gaussian distribution thus the exact probability cannot be calculated, but 
the Z-score can be used as a measure of the statistical significance of the threading based on the 
empirical calibration. In our threading, however, we found that the standard deviation term 
converges very slowly and requires a large number of shuffled sequences. This causes significant 
increase in the computation time. As such, instead of using the Z-score, our threading scheme 
uses relative score which omits standard deviation term from the Z-score. Relative score, 
R-score from now on, is as follows. 
R - score = Eraw - Eave 
As a result of tests on relative score on our threading scheme, 20 number of random shuffles 
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proved to be enough to give a reasonably good discrimination power. 
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CHAPTER 4 RECOGNITION OF TNF-LIKE MOLECULES IN 
ARABIDOPSIS PROTEOME 
4.1 Receptor-like Kinase and TNF 
Receptor kinases are important components of signal transduction pathways. In animals, 
these proteins play crucial roles in development, cell growth and homeostasis. In plants, 
receptor-like kinases also function in diverse developmental and disease resistance processes. 
Based on genomic sequences, plants may have far more receptor-like kinases than animals, 
with more than 400 genes predicted to encode receptor kinases from Arabidopsis genome 
alone [47, 46]. Despite the obvious importance of receptor-like kinases to plants, very few 
ligand-receptor pairs have been identified to date [48, 49]. CLV3, which is a 70 amino acids 
long secreted peptide is thought to be the ligand of CLV1, a receptor kinase involved in 
stem-cell maintenance in apical meristems [50, 51]. Brassinolide and brassinosteroid which are 
steroid hormones are ligands of Brassinosteroid-insensitive 1 (BRI1) receptor [52, 53]. Bacterial 
protein flagellin-FLS2 ligand receptor pair is involved in the bacterial pathogen response [54] 
and SCR-SRK ligand receptor pair is involved in self-incompatibility response of plants [55, 56]. 
In such ligand-receptor pair systems, ligand binding to extracellular receptor domain usually 
induces dimerization of the receptors and triggers the initiation of a signaling cascade within 
the cell [57]. 
In 1996, a receptor kinase CRINKLY4 (CR4) was first identified in maize by Becraft and 
coworkers [58]. CR4 functions in cell proliferation, fate, morphogenesis and differentiation [59]. 
Characterization of its sequence by computational tools revealed the similarity of its domains 
to known functional domains. Its C-terminal intracellular domain contains a functional cat­
alytic domain of the serine/threonine kinase. The extracellular putative ligand binding domain 
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(a) TNFR-TNF monomer complex (b) TNFR-TNF 3:3 trimer complex 
Figure 4.1 (a) Tumor necrosis factor monomer (blue) bound to tumor 
necrosis factor receptor monomer (red). TNF adopts jelly-roll 
/3-sandwich fold. TNFR has elongated structure with 3 disul­
fide bridges in cysteine rich domain, (b) Trimer complex of TNF 
and TNFR. Trimer formation of TNF (blue,red,green) recruits 
trimer formation of TNFR (black) and forms final 3:3 trimer 
complex. 
contains a cysteine-rich tumor necrosis factor receptor (TNFR)-like region. In proximity to the 
TNFR-like region is a domain that contains seven copies of a 39 amino acid repeat proposed to 
form a 7-bladed propeller structure [60]. The same characteristics were also detected in Ara-
bidopsis homolog of CR4 (ACR4) by Tanaka and coworkers [61, 62]. The finding that the pu­
tative extracellular ligand binding domain of CR4 has striking similarity to mammalian TNFR 
domain raises the possibility that the ligands for CR4 may be tumor necrosis factor (TNF)-
like. In animals, TNF-TNFR association functions as a signal transducer in development, 
homeostasis and adaptive responses of the immune system [63]. TNF superfamily ligands are 
type 2 membrane proteins that can exist as a cleaved soluble form as well as membrane-bound 
form [63, 64, 65], In the signaling process, ligands form a trimer of inverted bell shape which 
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Table 4.1 17 representative template protein structures selected from TNF 
superfamily members. 
PDB ID Description 
ltnfA TNF-a: [Human] 
4tsv TNF-a mutant [Human] 
5tswA TNF-a mutant [Human] 
la8mA TNF-a mutant [Human] 
2tunA TNF-a mutant [Human] 
2tnfA TNF-a [Mouse] 
ltnrA TNF-(3 [Human] 
laly CD40 ligand [Human] 
ldg6 Apo2L/Trail [Human] 
ld4vB Apo2L/Trail [Human] 
IdOgA Apo2L/TraiI [Human] 
ld2q Apo2L/Trail [Human] 
ldu3E Apo2L/Trail [Human] 
ljh5A BLYS [Human] 
lkxgA BLYS [Human] 
liqaA RANKL [Mouse] 
ljtzX RANKL [Mouse] 
recruits three receptor monomers to form 3:3 ligand-receptor complex (Figure 4.1 (b)). Individ­
ual ligand monomers are ~150 amino acids long and adopt a jelly-roll /3-sandwich fold [66, 67] 
(Figure 4.1 (a)). Mammalian TNF superfamily members share very weak sequence similarity 
among themselves (less than ~ 30%). TNF receptors are type 1 transmembrane proteins of 
elongated structure that contain a cysteine rich domain with 3 disulfide bridges [63] (Figure 
4.1 (a)). The elongated receptor fits in the groove between two ligand monomers within trimer 
complex. In the current study, we hypothesized that the ligands for CR4 are TNF-like and 
applied our newly developed protein threading tool to screen for potential TNF-like molecules 
in the available proteome of Arabidopsis. Our threading method incorporates residue-residue 
contact potentials targeting recognition of structural similarities without noticeable sequence 
similarities between proteins. Thus it is a promising tool for fishing unknown potential TNF-
like molecules using known TNF structures as baits. Existing methods such as PSI-BLAST 
and Profile HMM did not recognize any proteins that show similarity to TNF domain. 
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4.2 Threading of Arabidopsis Proteome 
17 representative mammalian TNF structures from PDB were used as threading template 
structures (see Table 4.1). If they form a trimer or a complex with TNFR structure, only a 
monomer TNF structure was extracted. 
All 25545 available Arabidopsis protein sequences were downloaded from the NCBI website 
(http://www.ncbi.nlm.nih.gov/). 182 residues of all the sequences were cut from the C-terminal 
tail end and their secondary structures were predicted using PSIPRED [44] and PROF [45]. 
According to the molecular architecture of the genes containing the TNF domain, TNF do­
mains are about 150 amino acids long and reside in the C-terminal end of the the genes [68]. 
This gives the idea of restricting the search space to the tail ends of the protein sequences. 
Moreover, TNF adopts the jelly-roll /3-sandwich fold which is in the "all beta protein" cate­
gory in SCOP (Structural Classification of Proteins) [26]. This leads us to reduce the search 
space further by screening sequences to be threaded based on secondary structure composition. 
The secondary structure composition screening was performed based on the following criteria: 
a < 30%, 20% < (3 < 50%, 40% < coil < 70%. The above secondary structure composition 
screening criteria resulted in 4174 protein sequences as threading candidates. Because the 
threading scheme is global and sensitive to the location and the length of the sequence, these 
tails were further cut into smaller pieces: 144, 148, 152, 155, 158, 162, 166, 170, 174, 178, 182 
residues from the C-terminal end of the sequences. With their predicted secondary structures, 
these tails were sent to a parallel machine to be threaded against 17 template structures. 
4.3 Results and Discussion 
4174 Arabidopsis protein sequences that passed secondary structure composition screening 
were cut into small lengths from the tail end of the sequences (See section 4.2). This procedure 
generated 44180 different cuts from 4174 sequences. Each of the 44180 cuts was threaded one 
by one against 17 template TNF structures. All threading results were collected and sorted 
according to the final threading score, i.e. relative score. Significance of the threading score 
was measured based on two criteria: (1) Maximal threading score, which means that at least 
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one of the cuts of a protein sequence must have threading score above 31 against at least one of 
the 17 template structures; (2) Template frequency, which means the frequency of the template 
structures that give threading score above 21 for any cuts of a sequence must be above 10. 
The second criterion was applied to significance check, to improve the signal to noise ratio, 
S/N, and to reduce the possible false positive rate. The cutoff values for above two criteria 
were selected based on the test case of human TNF recognition [69]. 
In the human TNF recognition threading study, the cutoff maximal threading score of 31 
and template frequency cutoff of 10 showed a nice separation between known TNF superfamily 
members and others. The threading based on the maximal score criterion successfully recog­
nized 13/15 known human TNFs. Nevertheless, maximal threading score criterion alone did 
not efficiently exclude false positives due to low S/N ratio. Instead, the maximal score crite­
rion combined with the template frequency criterion effectively minimized false positives due 
to improved S/N ratio. The maximal score and the template frequency criteria together put 11 
known TNF superfamily members and 2 Clq family members at the top 13 ranks. Clq family 
members share structural similarity with TNF superfamily members at its C-terminal globular 
domain although there is little sequence similarity between them [70, 68]. Only 4 residues are 
completely conserved between TNF superfamily members and globular Clq family members. 
Therefore sequence alignment methods such as PSI-BLAST do not recognize the similarity 
between these proteins and PFAM classifies them as different domains. On the other hand, 
because the SCOP classifies proteins based on the structural similarities, it classifies both TNF 
superfamily members and Clq family members as TNF-like fold (SCOP fold class b.22.1). In 
the current study, only TNF superfamily members and no Clq family members were used as 
threading templates (Table 4.1). The results from human TNF recognition test case that 2 
Clq family members were recognized by threading makes it promising that structurally related 
molecules could be recognized in distantly related proteomes such as Arabidopsis by threading 
using only TNF superfamily members as templates. Viral capsid protein is another protein 
family that shares structural similarity with the TNF-like fold [68, 67, 66]. Although they are 
classified as different folds in SCOP (SCOP fold class b.10.1), their overall fold and topology 
Table 4.2 Threading results are shown with signal peptide prediction re­
sults, 3D-Jury prediction results, and NCBI gene annotation. 
1° II» IIIe IV" Ve W VIF 
15241609 40.89 12 No 48.83 (b.1.2) Yes (0, 6) putative disease resistance protein 
15241976 40.23 12 No 42.67 (b.29.1) No F-box family protein-related 
15228453 39.03 14 No 35.60 (c.37.1) Yes (0, 2) AT hook motif-containing protein-related 
18401171 38.33 13 No 27.25 (lq7fA) Yes (0, 1) F-box family protein 
15225799 36.83 10 No 53.50 (b.18.1) Yes (2, 2) avirulence-responsive family protein 
15229444 36.55 11 No 22.50 (b.29.1) Yes (0, 2) F-box family protein-related 
15231224 36.53 11 No 22.67 (b.30.2) Yes (0, 2) hydroxyproline-rich glycoprotein family protein 
15238574 36.26 13 No 40.00 (b.18.1) Yes (5, 0) F-box family protein/ SKP1 interacting partner 3-related 
15231181 36.04 14 Yes 30.60 (c.37.1) No hypothetical protein 
15218199 35.47 15 Yes 42.17 (e.7.1) Yes (0, 7) unknown protein 
15239182 35.39 14 No 38.33 (b.68.4) Yes (0, 3) F-box family protein 
15238980 35.37 10 Yes 41.00 (b.43.4) Yes (0, 1) disease resistance-responsive family protein 
15235191 35.35 10 No 30.00 (e.1.1) Yes 0, 1) putative galactinol-raffinose galactosyltransferase 
25412287 35.00 12 No 34.25 (d.144.1) Yes (0, 1) hypothetical protein 
15221446 34.90 11 Yes 42.40 (b.18.1) Yes (0, 1) subtilase family protein 
15231769 34.89 16 No 36.40 (b.1.18) Yes (0, 1) hypothetical protein 
15228255 34.54 10 No 72.20 (b.70.2) No F-box family protein 
15225466 34.48 15 Yes 33.20 (b.43.4) Yes (1, 2) disease resistance responsive protein related 
15230668 33.89 10 Yes 30.20 (b.10.1) Yes (0, 5) hypothetical protein 
42567516 33.88 10 Yes 35.00 (b.1.8) Yes (0, 2) disease resistance responsive family protein 
15232431 33.59 10 No 43.80 (b.50.1) No unknown protein 
15220575 33.58 12 No 17.40 (g.49.1) No DC1 domain-containing protein 
42569114 33.48 13 No 60.00 (b.29.1) Yes (0, 1) F-box family protein 
15238958 33.43 11 No 30.60 (b.93.1) Yes (0, 2) F-box family protein 
15239809 32.93 14 No 16.43 (a.4.7) Yes (0, 1) hypothetical protein 
15220743 32.63 11 Yes 26.71 (e.20.1) No F-box family protein 
15221240 32.44 13 No 50.57 (b.70.3) Yes (0, 1) F-box family protein 
5804819 32.40 12 No 24.33 (b.22.1) Yes (2, 0) putative protein 
42571383 32.24 13 Yes 24.17 (c.56.5) Yes (1, 1) disease resistance responsive family protein 
9759482 32.06 14 No 43.75 (b.29.1) Yes (0, 1) putative protein 
15229268 32.05 10 Yes 27.43 (c.37.1) No helicase-related 
15242901 31.99 11 No 14.57 (c.37.1) No hypothetical protein 
15232336 31.73 10 No 44.43 b.68.1) Yes (0, 2) F-box protein-related 
18403471 31.36 10 No 20.33 (b.78.1) Yes (0, 0) F-box family protein (FBX11) 
15221815 31.24 11 No 35.57 (c.37.1) No hypothetical protein 
"NCBI GI number. 
'Threading R-Score = E R A W  -  E A V E .  
cFrequency, i.e. the number of template structures that give the threading score above 21. 
^Signal peptide prediction by signalP for N-terminal 70 residues. 
e3D-Jury score. SCOP fold class for top score protein is shown in parenthesis. 
t)o any 3D-Jury servers suggest similarity to "TNF-fold (b.22.1)" or "Viral capsid protein -fold (b.10.1)"? 
Number of servers suggesting similarity to b.22.1 and b.10.1 are shown in parenthesis in the order respectively. 
9NCBI gene annotation. 
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are very similar. Viral capsid proteins form a pentamer instead of a trimer and these pen-
tamers form an icosahedral cluster on the virus surface. Interestingly, the crystal structure of 
soluble TNF superfamily member TALL-1 (sTALL-1) revealed its virus-like cluster assembly 
containing 60 monomers [71]. This virus-like cluster of sTALL-1 exists in certain physiological 
condition. 
A summary of the threading results is shown in Table 4.2. A total of 35 candidate TNF-like 
molecules were recognized by the genome-wide screening using threading. Existing methods 
such as PSI-BLAST and HMMER profile hidden Markov model [72] did not recognize any 
proteins that show similarity to TNF domain. 18 known human TNF sequences were fed 
into PSI-BLAST (http://www.ncbi.nlm.nih.gov/BLAST/) for a search against the entire Ara-
bidopsis genome but no hits were found. In addition, the TNF Pfam domain was fed into 
HMMER2.2 (http://pfam.wustl.edu/) for search against whole Arabidopsis protein sequences 
but no hits were found as well. This contrasts to threading results which present 35 potential 
TNF-like molecules. All 35 candidates satisfy maximal score and template frequency criteria. 
The first three columns show the NCBI GI number, relative score, and template frequency 
respectively. In the next column is shown signal peptide prediction by signal? [73] for the 
N-terminal 70 amino acids. TNF superfamily members are type 2 membrane proteins and 
they can exist as a soluble form and membrane bound form. Signal peptide prediction for the 
N-terminal 70 amino acids of 52 known TNF proteins from various species were performed 
using signalP as a test case. Among them, 48 were predicted to contain signal peptide or 
signal anchor region. FASL of human, mouse, rat and TNFa of Capra Hircus were predicted 
to contain neither a signal peptide nor a signal anchor region (data not shown). Ten out of 
35 candidate Arabidopsis TNF-like proteins were predicted to contain either a signal peptide 
or signal anchor region. The next column shows 3D-Jury prediction [74] score and the SCOP 
fold class of the protein that gives the maximum 3D-Jury score. 3D-Jury is a meta server. 
In general, the information from many different protein structure prediction servers together 
gives better prediction results than that from any single server. Thus, by simply measuring 
the similarity among various server results, 3D-Jury better predicts correct protein fold. A 
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benchmark test case showed that 3D-Jury predicted correct folds with 90 % accuracy when a 
cutoff score of 50 was chosen. Among the candidate TNF-like proteins, four show a very high 
3D-Jury score, i.e. score above 50, to non-TNF folds (15225799 to b.18.1, 15228255 to b.70.2, 
42569114 to b.29.1, 15221240 to b.70.3). Another three show very low 3D-Jury score, i.e. score 
below 20, to non-TNF folds (15220575, 15239809, 15242901). Others lie in between. Although 
the information shared by the majority of the servers are invaluable in selecting the best candi­
date structure, there is a possibility that the correct fold exists as a outlier. In such cases, the 
information which is not shared by the majority of servers needs to be taken into account as 
well. In order to incorporate any TNF related structures suggested by the servers, prediction 
results from all servers were checked. Even a weak similarity to TNF fold (b.22.1) or viral 
capsid protein fold (b.10.1) detected by any servers will be reported. The summary is shown 
in column VI. In parenthesis, the number of servers suggesting similarity to b.22.1 and b.10.1 
is listed respectively. In five cases, more than one server suggests similarity to the b.22.1 fold 
class (15225799, 15238574, 15225466, 5804819, 42571383). In all but twelve cases, more than 
one server suggests similarity to the b.10.1 fold class. This implies that most of the candidates 
have at least a weak structural similarity to TNF related folds. In the last column is shown 
NCBI gene annotation. Eleven proteins are annotated as " putative/hypothetical/unknown" 
proteins. Five proteins are annotated as "disease resistance responsive protein" and twelve 
proteins are annotated as "F-box family protein". Seven other annotations that do not be­
long to above three categories are "AT hook motif-containing protein-related" (15228453), 
"avirulence-responsive family protein" (15225799), "hydroxyproline-rich glycoprotein family 
protein" (15231224), "putative galactinol-raffinose galactosyltransferase" (15235191), subtilase 
family protein (15221446), "DC1 domain-containing protein" (15220575), and "helicase-related 
protein" (15229268). However, it appears that " avirulence-responsive family protein" is also 
a disease resistance response protein [75]. It is noteworthy that many of the candidates are 
not well characterized yet and that 12 candidates are annotated as "F-box family protein". 
The Pfam domain organization of proteins containing F-box domain shows that some of the 
proteins contain WD40 domain that consists of seven 4-stranded (3 sheets. Thus, if the WD40 
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domain resides in the N-terminal tail end of a candidate TNF-like protein sequence, it is possi­
ble that our threading recognizes structural similarity between the WD40 domain and template 
TNF structures. Based on the threading results and further analysis, some of the candidates 
seem particularly interesting. 15230668 passed signal peptide prediction with 90% confidence 
score. Its 3D-Jury consensus fold class is b.10.1 which is a viral capsid protein fold. Five 
servers suggest similarity to the b.10.1 fold class. This gene is not characterized yet, thus the 
protein is annotated as a "hypothetical protein". The fact that the 3D-Jury consensus fold 
is b.10.1 and that the protein has a signal peptide signature at the N-terminal region places 
15230668 as the most promising candidate CR4 ligand. 5804819 is a candidate with 30-Jury 
consensus fold class of b.22.1. It is annotated as a "putative protein" but its N-terminal region 
did not show any signal peptide or signal anchor signature. Nevertheless, the fact that the 
consensus fold class for 5804819 is b.22.1 places it as another promising candidate CR4 ligand. 
15218199 is another promising candidate in many aspects. It passed signal peptide prediction 
and is annotated as " unknown protein". It shows a reasonably high maximal threading score 
of 35.47 and very high template frequency score of 15. Even though its 3D-Jury consensus 
score is high, 42.17, to non-TNF fold (e.7.1), seven servers suggest its similarity to b.10.1 fold 
class. 15225466 shares similar overall results with 15218199. Its maximal threading score and 
template frequency are 34.48 and 15 respectively which are relatively high. It passed both 
signal peptide prediction and server suggestion to b.22.1 and b.10.1. Although its 3D-Jury 
consensus fold class is non-TNF fold (b.43.4), its consensus score of 33.20 is not very high. 
It is one of the five proteins that are annotated as "disease resistance protein". 42571383 is 
another candidate that passed both signal peptide prediction and server suggestion to b.22.1 
and b.10.1. It shows a 3D-Jury consensus score of 24.17 to the fold class c.56.5. Its NCBI gene 
annotation is "disease resistance-responsive family protein". The 3D-Jury consensus fold class 
for 15238574 is a non-TNF fold (b.18.1). The 3D-Jury score for its consensus is relatively high, 
40. It does not show any signal peptide or signal anchor signature and is annotated as "F-box 
family protein". Nonetheless, five servers suggested its similarity to b.22.1 fold class. SCOP 
class b.18.1 which is a 3D-Jury consensus fold for 15238574 adopts a jelly-roll /3-sandwich with 
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9 strands in two beta sheets. Compared with b.22.1 which is a jelly-roll /3-sandwich with 10 
strands in two beta sheets, it contains one less strand. The fact that the 3D-Jury consensus fold 
class for 15238574 is jelly-roll /3-sandwich and that five servers suggest similarity to TNF fold 
makes it worth investigating. In addition to the above mentioned six proteins, there are three 
more proteins that passed both signal peptide prediction and server suggestion to similarity 
to b.22.1 and b.10.1 (15238980, 15221446, 42567516). 
In summary, we applied an in-house protein threading method to genome-wide screening 
for TNF-like proteins that could act as potential CR4 ligands in Arabidopsis. Further analysis 
using other bioinformatics tools such as signal? and 3D-Jury gives better idea of the char­
acterises of 35 candidate TNF-like proteins. Considering the analysis results, six proteins 
(15230668, 5804819, 15218199, 15225466, 42571383, 15238574) are of greatest interest. These 
proteins will be the first targets to be experimentally tested for CR4 ligand activity. An ad­
ditional three proteins that passed signal peptide prediction and server suggestion to b.22.1 
and b.10.1 fold (15238980, 15221446, 42567516) and 15241609 that is annotated as disease 
resistance protein will be the next targets for experimental tests. If any of these candidate 
CR4 ligands are experimentally proved to be true CR4 ligand, it will provide invaluable op­
portunities to study the signal transduction pathway. 
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CHAPTER 5 REV PROTEIN STRUCTURE PREDICTION 
5.1 Lentivirus Rev 
Human Immunodeficiency virus type 1 (HIV-1) and Equine Infectious Anemia Virus (EIAV) 
are members of the lentivirus subfamily of Retroviruses. Unlike eukaryotes, they utilize rela­
tively small genomes of ~10,000 base pairs to generate proteins necessary for maintaining their 
life cycles. The efficient usage of these small genomes is made possible by differential splicing 
events and overlapping reading frames. While eukaryotes express proteins from fully spliced 
mRNAs, viruses express proteins from both fully spliced and incompletely spliced mRNAs. 
Fully spliced virus mRNAs express regulatory proteins such as Rev, Tat, and Nef and incom­
pletely spliced mRNAs express structural proteins Gag, Gag-Pol and other accessory proteins 
Vpu, Vif, etc [76]. The Rev protein is encoded by a fully spliced mRNA. It shuttles back and 
forth between the nucleus and the cytoplasm and plays a role in exporting incompletely spliced 
mRNAs to the cytoplasm [77]. The appropriate function of the Rev protein is essential for 
the production of virions and abolishing Rev function causes a critical damage to the viral life 
cycle. As such, Rev is a promising target for the development of antiviral therapies. However, 
the development of drugs that inhibit Rev function has been hampered by a scarcity of infor­
mation on the Rev protein structure. A major obstacle to the structure determination of Rev 
by X-ray crystallography and NMR spectroscopy is its tendency to aggregate and fibrillize at 
the concentration necessary for Rev function. 
Rev contains several domains essential for the shuttling process, RNA binding, and mul-
timerization. Typically, when a Rev protein is expressed in the cytoplasm, it recognizes and 
interacts with importin-a, which also interacts with importing, through its nuclear localiza­
tion signal (NLS) [78, 79]. In contrast, unlike other viruses, the HIV-1 Rev NLS is known 
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(a) Domain organization of EIAV Rev protein 
NES 
—» RBD 
NLS 
Multimeriialkn domain 
(a) Domain organization of HIV-1 Rev protein 
Figure 5.1 Domain organization of Rev proteins with the secondary struc­
ture prediction by PROF, (a) EIAV Rev protein sequence cor­
responding to residues 31-165. (b) 116 amino acids long HIV-1 
Rev protein sequence. 
to interact directly with importin-/? without being mediated by importin-a [80]. The Rev-
import in interaction guides Rev protein into the nucleus. In the nucleus, at above threshold 
concentrations, a Rev monomer binds to the high affinity purine rich bubble site of stem loop-
IIB within the rev response element (RRE) of the viral RNA through its arginine rich RNA 
binding domain (RBD) [81, 82]. For HIV-1, as the Rev concentration increases further, addi­
tional Rev proteins oligomerize along the RRE [83]. Nevertheless, there is no direct evidence 
for Rev multimerization on the RRE for other viruses. The export event of the Rev bound 
mRNA occurs with the aid of another protein CRM1 or exprotin 1. Rev interacts with CRM1 
through its leucine rich nuclear export signal (NES). Once the Rev-RNA complex is exported 
to the cytoplasm, RNA is released from Rev and Rev itself is recycled back to the nucleus. The 
overall functional domain organization of HIV-1 and EIAV Rev proteins are shown in Figure 
5.1. The 116 amino acids long HIV-1 rev protein has its overlapping nuclear localization signal 
49 
and RNA binding domain in the second predicted helix region. Multimerization domains span 
both sides of the arginine rich NLS/RBD region. The leucine rich nuclear export signal is 
located in the coil region. The 165 amino acids long EIAV Rev protein has a very different 
domain organization. The first 30 amino acids overlap with the envelope region (Env) and has 
nothing to do with rev function. The first predicted helix region (residue 31-55) and the loop 
connecting the second and the third predicted helices correspond to the NES and the puta­
tive RBD, respectively. The NLS resides in the small helical segment at the very end of the 
sequence. The differences between the functional domain organizations of HIV-1 and EIAV 
Rev are prominent. First, the helical contents of EIAV and HIV-1 Rev are quite different. 
While the EIAV Rev contains ~5-6 predicted helices in the sequence region necessary for Rev 
function, HIV-1 Rev contains only two predicted helices. Second, while the NLS and RBD of 
the HIV-1 Rev overlap, those of EIAV Rev are well separated in the sequence. Third, HIV-1 
Rev has multimerization domains essential for Rev function, but there is no direct evidence 
for EIAV Rev multimerization. Finally, EIAV and HIV-1 Rev have the RBD and NES in the 
opposite order. Despite very different characteristics in the functional domain organization, 
there are common features shared by the Rev proteins of these viruses. While the HIV-1 NES 
domain contains tightly clustered multiple leucine or hydrophobic residues, that of EIAV are 
lacking in clustered leucine residues but instead contain more polar residues. Nevertheless, 
the NES of EIAV can substitute for the HIV-1 NES domain without affecting the Rev func­
tion of HIV-1 [84]. Although the same is not true for RBD substitution, it suggests possible 
structural similarities between the two Rev proteins whose sequence similarity is undetectable. 
The sequence similarity among Rev proteins obtained by BLAST pairwise sequence alignment 
method shows that only HIV-1 and SIV can recognized each other in the sequence level with 
E-value of 2e-13. There is no detected sequence similarity among other Rev proteins. Here, 
we propose the structures for the HIV-1 Rev dimer and EIAV Rev monomer predicted by our 
protein threading method. In addition, in a comparative approach, we also predicted the struc­
tures of Rev proteins from feline immunodeficiency virus (FIV) and simian immunodeficiency 
virus (SIV). 
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5.2 Threading of Rev Proteins 
5.2.1 Structural data set 
Our structural data set consists of 13,391 representative structural domains that were 
selected from the Astral SCOP 1.61 domain library covering 1,939 families of SCOP do­
mains [85, 86, ?]. Redundancy of the data base was reduced: if any family has more than 
20 structures in it, only 20 representative structures were included in our threading structural 
data set; Otherwise, all the structures in the family were included in the data set. Secondary 
structure profiles for the templates were generated from their PDB structures using the Stride 
software. Contact matrices of the template structures were generated so that any two residues 
are defined to be in contact if the contacts of their side chains are within 6.5 Â(Cij = 1) and 
not in contact otherwise (Cij = 0). Details of our threading scheme are available in other 
publications [9, 88]. 
5.2.2 Threading 
Our threading method utilizes known structures as templates to predict the structure of 
a protein sequence of unknown structure. A given protein sequence is threaded against all 
the structures in the structural data set in search of a structure with significant fitness to the 
sequence. The threading alignment of the target sequence on a template structure is determined 
by a scoring function consisting of the sum of all residue-residue contacts with hydrophobic 
strengths taken into account [9, 88]. Local secondary structure preference is included in a 
way that the threading score is enhanced if the predicted secondary structure of the sequence 
matches that of the template structure. 
EIAV Rev sequences share over 92% sequence similarity among themselves thus only one 
of the EIAV Rev variants, Rl, was selected for threading. Secondary structure of the full 
length Rev sequence was predicted by three software packages, i.e. PSIPRED [44], PROF [45], 
and Sam-T99. Final secondary structure profile of the sequence was assigned such that, for 
each of the residue in sequence, if the secondary structure prediction by three servers agree, 
the consensus of the prediction is assigned as the secondary structure for the residue and the 
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secondary structure is left unassigned otherwise. The input sequence is cut into small pieces 
so that regions of with a significant structural match to any of the structure in the data base 
can be identified. For this, the EIAV Rev sequence was cut into minimal lengths of 60 residues 
whose starting position shifts from the first residue with an incremental step of 5 residues. 
The lengths of the cut was also increased from 60 to the full length in steps of 5. All the cuts 
generated in this manner were threaded against the 13,391 representative structures in the 
domain structural library. 
The 116 amino acids long representative HIV-1 Rev sequence was selected as an input 
sequence for threading. Following the similar protocol used in EIAV Rev threading, HIV-1 
Rev sequence was cut into the minimal length of 65 residues whose starting position shifts 
from the first residue with incremental steps of 5 residues. The minimal length of the cut, 
65, was chosen so that the two helical segments of the predicted secondary structure can be 
included in the threading process. The length of the cut also increases from 65 to the full 
length in steps of 5. The threading of all the cuts from the HIV-1 Rev sequence did not give 
any significant hit. However, guided by the modeled EIAV Rev structure as well as the fact 
that HIV-1 Rev multimerizes and has clear multimerization domain located on both sides of 
the RNA binding domain, we dimerized HIV-1 Rev sequences. A dimer is made by directly 
connecting two monomer sequences each of which contains two predicted helices. Flexibility 
of the connection was allowed by varying the boundary residues included in the dimer: the 
first monomer consists of a variable number of residues from 1-63 to 1-79; the second monomer 
also covers a variable number of residues from 1-65 to 7-65. In such a manner, multiple dimers 
that keep the order of the two helices are created (ABAB type). Dimer sequences have been 
threaded against 13,391 representative structures. 
Following the same protocol used for the threading of the EIAV Rev, a monomer FIV 
Rev sequence was cut into small lengths and threaded against the structures in the domain 
structural library. However, just like HIV-1 Rev, the SIV Rev monomer sequence did not give 
any significant threading hit and the search was done using dimerized sequences. Because the 
SIV Rev protein sequence contains three predicted helices, two types of dimers were generated 
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(.ABÂB and BCÈC type). The AB type monomer includes variable number of residues that 
covers from 1-63 to 1-79, and the ÂB type monomer covers residues from 1-65 to 7-65. The 
BC type monomer covers from 25-89 to 25-91, and the BC type monomer covers residues from 
25-89 to 35-89. 
5.3 Results and Discussion 
5.3.1 EIAV Rev structure 
Sections of the EIAV Rev protein have been threaded against 13,391 representative struc­
tures. A significant threading relative score of 37 was obtained from the threading of the 
sequence region 31-145 against the region 1,075-1,200 of the template lqsjD (SCOP fold class 
a.102.4.4). The template lqsj is the structure of N-Terminally truncated C3Dg fragment. The 
aligned region was modeled using the MODELLER [89] software package using the threading 
alignment. The model structure consists of five helices that cover residues from 31 to 145. The 
first 30 residues not modeled in our structure build up the envelop region which is independent 
of Rev function. BLAST search of R1 sequence against nonredundant NCBI protein sequence 
database recognizes strong sequence similarity between R1 and envelope proteins. The thread­
ing result suggests that our threading scheme is capable of recognizing the domain boundary. 
The last 15 residues which includes the NLS region are excluded from the predicted structure. 
The functional domains of the EIAV Rev are shown in color (Figure 5.2). The first helix covers 
the leucine rich NES domain (orange) and the " RRDRW" putative arginine rich RNA binding 
domain lies in the loop connecting the second and the third helices (red). The yellow repre­
sents the hyper-variable region. The hyper-variable region has been identified by Carpenter 
and coworkers in their study of EIAV Rev variants and proved to adopt a number of different 
mutations with little change on Rev function [91]. The NES domain interacts with CRM1 in 
the course of exporting incompletely spliced mRNA to the cytoplasm. Hydrophobic residues 
in the NES domain are shown in "space-fill" representations in Figure 5.2. The NES domain 
hydrophobic residues, which are shown in orange space-fill representations, are supposed to 
be involved in the protein-protein interaction with CRM1. The positioning of hydrophobic 
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Figure 5.2 (a) EIAV Rev protein structure predicted by threading. The 
NES domain is shown in orange, RRDRW putative RBD is 
shown in red, and the hypervariable region is shown in yellow. 
QERLE putative RBD resides in the helix shown in green. L95 
(blue space-fill, Leu of the QERLE domain) and L109 (pink 
space-fill) are predicted to be critical in stabilizing the structure 
in our model. 
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residues in the NES domain with side chains facing outwards in our model structure indicates 
that they are optimally placed for interaction with CRM1. Leu6 in NES domain is involved 
in weak contact with the loop containing RBD, but the contact may be disrupted upon RNA 
binding. This process may allow slight structural change in Rev so that the NES domain 
becomes free from the rest of the protein and located in a position more favorable for CRM1 
binding. The arginine rich putative RNA binding domain (RRDRW) bulges in the long loop 
region in our model structure in a favorable position to interact with the RNA molecule. The 
arginine residues are shown in "ball-and-stick" representations. The HIV-1 RBD is known to 
form a separate folding domain from the rest of the protein structure and it is speculated that 
its folding is assisted by the interaction with RNA upon RNA binding. If this holds true for the 
folding of EIAV RBD, the RNA binding domain has to be exposed to the surface which is the 
case in our model structure. On the other hand, another putative RBD (QERLE residing in 
green helix) proposed by Hope et al. shows very different characteristics from that of RRDRW 
putative RBD. The QERLE putative RNA binding domain is located in the very central helix 
in our model structure. Hope et al. performed mutational study to identify putative RNA 
binding domain of the EIAV Rev protein [93]. According to their study, deletion mutation 
of the QERLE domain reduces Rev function to less than 10% while that of RRDRW domain 
retains ~ 25% of Rev function. Based on our model structure, however, we propose that the 
dramatic reduction of Rev function upon the deletion mutation of QERLE domain is due to 
déstabilisation of the entire Rev structure, i.e. deletion of the central helix is enough to destroy 
the structural integrity of Rev protein. In terms of the the inter-helical hydrophobic contact 
information obtained from our model structure, two residues are considered to be critically 
important for maintaining the Rev structure: Leu95 (blue space-fill), Leul09 (pink space-fill). 
Leu95 which forms three inter-helical hydrophobic contacts with other helices corresponds to 
the leucine residue consisting QERLE domain. As such, the reason for the reduction in Rev 
function due to the deletion mutation in QERLE and RRDRW putative RNA binding domain 
may be different. It appears that the former is structural while the latter is functional. L95 
and L109 are 100% conserved in the database of more than 200 Rev variants isolated from 
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EIAV-infected horses during progression of disease. This makes our proposal that the QERLE 
domain has structural importance rather than functional importance plausible. Preliminary 
data from the RNA binding assay of EIAV Rev protein suggests that the mutation of QERLE 
to QAALA does not affect the RNA binding activity of the EIAV Rev, while the mutation of 
RRDRW to AADAA reduced the RNA binding activity of the EIAV Rev protein. 
However, maintaining ~ 25% of Rev activity upon deletion of RRDRW domain remains 
to be explained. We propose the hyper-variable region as a secondary RNA binding site in 
addition to the primary RRDRW RNA binding site. Thus, even though the primary RNA 
binding site (RRDRW) is deleted, there still remains a region that provides weak interaction 
to RNA to retain some Rev activity. Pairwise BLAST sequence alignment between HIV-1 and 
EIAV Rev sequences recognizes sequence similarity between the region containing RRDRW 
domain and RBD of HIV-1 with 41% sequence identity. Taken together, it appears that the 
RRDRW domain plays a role as a primary RNA binding site and the hyper-variable region 
functions as a secondary RNA binding site collaborating with the primary RNA binding site 
in the process of RNA binding. 
5.3.2 HIV-1 Rev dimer structure 
As explained in section 5.2.2, threading for HIV-1 monomer did not give any significant 
hit thus the two sequences have been analyzed as dimers. A significant threading relative 
score of 38 was obtained from the threading of the dimer sequence region 1-65:5-65 against 
the template structure lk05A (SCOP fold class a.24.14.1). The template structure belongs to 
the focal adhesion targeting domain of focal adhesion kinase. From the threading alignment, a 
model structure was generated using the MODELLER software package. The modeled dimer 
structure forms a four-helix bundle with helix-loop-helix monomer structural unit (Figure 5.3). 
The first monomer is shown in orange and the second monomer is shown in violet. Residues 
in the overlapping NLS and RBD, which might be involved in RNA interaction, are shown in 
red ball-and-stick representations. Because the dimer structure contains only the N-terminal 
helical region, NES domain, which lies in the C-terminal coil region, is not modeled in our 
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structure. Two helix-loop-helix monomer units stick together through the interaction between 
putative multimerization domains which makes the four-helix bundle structure possible. 
Several groups predicted the HIV-1 monomer structure that forms a helix-loop-helix struc­
ture [94, 95, 96, 97, 98]. Others studied the multimerization of HIV-1 Rev proteins [99, 100, 
101]. Based on the sequence analysis and the secondary structure information from CD spec­
tra that the N-terminal 68 residues are predominantly helical and that the amount of these 
helices is kept constant upon RNA binding, Auer and coworkers modeled a structure for the 
N-terminal half of the HIV-1 Rev protein. CD spectra presented that the 8-26 and 43-59 
region are helical and these two regions are connected by helix breaking signal starting from 
residue 27 (PPPNPEG). Helical wheel representation of the sequence in these helical regions 
showed that they contain hydrophobic patches. The first helical region (8-26) contains two 
hydrophobic patches and the second helical region contains one hydrophobic patch. From the 
helical representation of these two regions they proposed helix-loop-helix structural model for 
HIV-1 Rev protein. Further, based on the fact that helix-loop-helix motif is necessary for 
dimerization of transcription factors, and that this dimerization is necessary for DNA binding, 
they speculated that the Rev might form a dimer. Although the experimental results show 
that Rev binds to RRE as a monomer, stoichiometry of two Rev molecules per RRE confers 
kinetic stability to the Rev-RRE binding event, which makes the dimer formation of Rev more 
plausible. 
Starting from the model HIV Rev structure proposed by Auer et al., Thomas and coworkers 
introduced mutational analysis to probe the residues that have structural importance. The 
hydrophobic residues that are supposed to be involved in hydrophobic contacts were first 
mutated to aspartic acid, and then to alanine. If the mutated amino acid has functional 
importance, this subtle change would be enough to abolish Rev function, however, if the 
mutated residue has structural importance, moderating effect that comes from the inherent 
flexibility of proteins can compensate the cavity created by the mutation. Therefore, alanine 
mutation of single amino acid that is involved in hydrophobic core formation cannot be detected 
by change in Rev activity. In order to test for a particular contact between two residues, they 
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Figure 5.3 HIV-1 Rev dimer protein structure predicted by threading. The 
first and the second monomer are sown in orange and violet, re­
spectively. The residues that might be involved in RNA binding 
are shown in red ball-and-stick representations. 
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also introduced double alanine mutation into two hydrophobic residues that are supposed to 
make a contact from the model structure. If they are truly in contact, unlike the single alanine 
mutation, the cavity created by two simultaneous mutations cannot be compensated by the 
rearrangement of the surrounding amino acids. Therefore, the destabilization of structure 
following double mutation can be detected by reduction in Rev function. In this manner, Auer 
and coworkers proposed V16, L18, 119, 152, 155 as structurally important residues and 119-152, 
and 119-155 as structurally important contact pairs. 
Solid state NMR study on HIV-1 Rev fibrillar form supports the helix-loop-helix structural 
model for the HIV-1 Rev monomer [102]. Blanco and coworkers performed solid-state NMR 
study and numerical simulations to verify that L13 and V16 in the first predicted helical 
region, and R39, R42, R43, and R44 in the second predicted helical region have helical <£, 
•0 angles, which supports the helix-loop-helix structural model of HIV Rev. Our four-helix 
bundle dimer structure of HIV-1 Rev protein in the absence of RNA is supported by the 
cryo-electro micrographs measurement by Watts and coworkers [103]. They determined the 
filament structure of the HIV-1 Rev protein without RNA in vitro. In the absence of RNA, the 
HIV-1 Rev protein polymerizes into cylindrical regular hollow filaments with 31 dimers in two 
turns. The structural unit for the filament is a dimer in the shape of a "top-hat" of dimension 
2.2nm x 3.2nm. The helices in the dimer are aligned approximately parallel with the filament 
axis. The electron micrograph suggests that the HIV-1 Rev forms a rod-like filament in the 
presence of RNA but the filament is less structured than that in the absence of RNA [104, 105]. 
This suggests that, in the presence of RNA, RNA is coated by the Rev proteins. Jain and 
coworkers presented a structural model for the cooperative assembly of HIV-1 Rev multimers 
on RRE based on Rev multimerization mutational studies [97]. To identify the residues that are 
involved in dimerization and trimerization, they designed three types of Rev multimerization 
mutants: (1) mutants that bind to RRE RNA as a monomer and require a much higher protein 
concentration to bind as a dimer; (2) mutants that bind to RRE RNA as a dimer and require 
a much higher protein concentration to bind as a trimer; (3) mutants that result in defect at 
all stages of Rev assembly on RRE RNA. The first class of mutants means that these residues 
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Table 5.1 Number of hydrophobic contacts of residues that are determined 
to be structurally important by mutational studies. 
Residue # Contacts 
L12 5 
119 4 
L22 1 
W45 3 
152 6 
155 4 
159 2 
L60 2 
are involved in dimer formation, and the second class of mutants means that these residues 
are involved in trimer formation. From the third class of mutants, the residues that might 
be involved in intramolecular interaction can be inferred. From the results, they proposed 
that L18, 155 are involved in dimer formation, and L12, V16, L60 are involved in trimer 
formation, and that 119, L22, 152, and 159 are involved in intramolecular contact. Using the 
structural constraints obtained from the data, they modeled the helix-loop-helix Rev monomer 
structure. Further, by manually docking the second Rev molecule to the monomeric complex 
of Rev and RRE stem-loop II-B, they proposed a perpendicular multimer formation of Rev on 
RRE. Because our study includes only protein-protein interaction between Rev monomers and 
excludes the interaction between Rev and RNA, it remains to be investigated how the HIV-1 
Rev mulitmerization occurs in the presence of interaction between Rev and RNA. 
We have compared the hydrophobic contact information obtained from our model HIV-1 
Rev structure with the information obtained from mutational studies on residues of structural 
importance by Thomas and coworkers, and Jain and coworkers. Table 5.1 shows the number 
of hydrophobic contacts related the indicated residues. These residues are shown in space­
fill representations with different color in Figure 5.4. 119, 152, 155, which have the most 
hydrophobic contacts are shown in red. These three residues are supported to be structurally 
important by mutational studies. L60 and 159, which are shown in blue in the figure, have two 
hydrophobic contacts and for each of them, they have supports from experiments that they 
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Figure 5.4 HIV-1 Rev dimer structure with structurally important residues 
from mutational studies in space-fill representations. 
are structurally important. L22, which is shown in green has only one hydrophobic contact in 
our model structure but experiments show that this residue is structurally important as well. 
L12 shown in cyan has five hydrophobic contacts but it has experimental support only from 
the work of Jain et al. W45, which makes three hydrophobic contacts in our model structure 
has never been experimentally tested for the structural importance. The analysis of our model 
structure suggests that W45 and L12 need to be better experimentally tested for its structural 
role in Rev. 
Our model structure shows a consistency with mutational studies. Nevertheless, it should 
be noticed that our threading study includes only protein-protein interaction between Rev 
monomers without protein-RNA interaction, while the mutational studies are carried out in the 
presence of RNA. If there is only a minor change in the HIV-1 dimer structure in the presence 
of RNA, the correlation between our model HIV-1 dimer structure and the results from the 
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functional mutational studies validates the reliability of our threading study. However, if there 
is a dramatic change in HIV-1 Rev dimer structure in the presence of RNA like perpendicular 
dimer formation proposed by Jain et al., our threading study without including the protein-
RNA interaction may not be good enough for modeling the HIV-1 Rev dimer structure. 
5.3.3 Comparative analysis of the predicted Rev protein structures 
The region of the residues 16-145 of the FIV Rev sequence showed a significant threading 
score of 34 against lhziA (SCOP fold class a.26.1.2). The modeled region forms a four-helix 
bundle like our model EIAV monomer and HIV dimer Rev structures (Figure 5.5). The putative 
RNA binding domain is shown in red ball-and-stick representations, and the NES domain is 
shown in orange in the modeled structure. The RNA binding domain of the FIV Rev is not 
identified at present, however, the region 83-91 contains a number of arginine residues that may 
be involved in RNA binding. Thus we assign this region as a putative RNA binding domain. 
The putative RNA binding domain of the FIV Rev resides in the loop right before the third 
helix, and the arginine residues in this region face outward which is a favorable positioning for 
RNA binding. 
A dimer for the SIV Rev protein (1-71:1-71) gives a significant threading score of 47 against 
the template structure lk05A which is the same template for the HIV-1 Rev dimer. Contrary 
to HIV-1 Rev, secondary structure predictions for SIV Rev protein sequence show three helices. 
Threading results show that only two helices are involved in dimer formation. The modeled 
SIV Rev dimer structure shows structural features similar to that of HIV-1 Rev (Figure 5.6). It 
forms a four-helix bundle structure with helix-turn-helix monomer structural unit. The RNA 
binding domain resides in the beginning of the second helix of each monomer. 
The comparison among the modeled Rev protein structure of the EIAV, FIV monomer, 
and HIV-1, SIV dimer shows structural similarities among themselves. A prominent common 
feature is that they all form a four-helix bundle and that their RNA binding domains are 
located in similar positions in the modeled structures, the end of a helix or a loop close to a 
helix. 
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Figure 5.5 (a) FIV Rev protein structure predicted by threading. NES do­
main is shown in orange, and the putative RNA binding domain 
is shown in red ball-and-stick representations. 
Figure 5.6 (a) SIV Rev dimer structure predicted by threading. The 
residues that might be involved in RNA binding are shown in 
red ball-and-stick representations. 
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EIAV-HIV 2.0 
EIAV-FIV 2.7 
HV-fflV 3.9 
(a) 
EIAV 
Figure 5.7 (a) DALI structural alignment Z-score. (b) Topology of the 
modeled structures in terms of the direction of the helix. 
The structural similarity among the four Rev proteins was unexpected due to the different 
functional domain organizations shown in Figure 5.1. A close examination of the modeled 
structures reveals that, despite the very different sequence features, the structural similarity 
among Rev proteins was made possible by different connections in the loop regions where the 
structural dissimilarity is high. Using the DALI three-dimensional protein structure compari­
son tool, structural alignments among EIAV, FIV, and HIV-1 Rev structures were generated. 
SIV dimer was not included in the structure comparison process because it shares a strong 
structural similarity with HIV-1 dimer (DALI Z-score 19.4). The structure comparison was 
carried out by only including four helices and removing the loop regions which is unimportant 
for the purpose of structure comparison. DALI Z-score for the structure comparison among the 
three Rev proteins are shown in Figure 5.7 (a). The comparison of FIV and HIV-1 show high 
DALI Z-score of 3.9. EIAV shows relatively insignificant DALI Z-score for the comparison with 
both FIV monomer (2.7) and HIV-1 dimer structures (2.0). In spite of the visual structural 
similarity between EIAV and FIV Rev structures, very low DALI Z-score for the comparison 
between them led us to further investigate the reason for that. The Figure 5.7 (b) shows the 
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Figure 5.8 Manual structure alignment between modeled EIAV and FIV 
Rev structures (blue:EIAV, green:FIV). 
Figure 5.9 Manual structure alignment between modeled EIAV and HIV-1 
Rev structures (blue:EIAV, red:HIV-l). 
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Figure 5.10 Manual structure alignment between modeled FIV and HIV-1 
Rev structures (green:FIV, red:HIV-1). 
overall topology of the modeled Rev protein structures in terms of the directions of the helices. 
FIV and HIV-1 share a very similar topology which is different from that of EIAV. This shows 
that the difference in the directions of the helices was the major hamper to the correct align­
ment between EIAV Rev and FIV, and HIV-1 Rev structures. Thus we manually aligned the 
three structures without considering the directions of the helices and the results are in Figure 
5.8-5.10. When the directions of the helices are ignored, manual structure alignments reveal a 
particularly high structural similarity between FIV and EIAV Rev structures. For the manual 
structure alignment between EIAV and HIV, and FIV to HIV, two corresponding helices do 
not align exactly, but the overall features for the four-helix bundle structure still exists. The 
alignment of the arginine rich RNA binding domains is particularly interesting. Considering 
that the RNA binding domain of the EIAV Rev resides in the flexible loop region and that, 
rather than going straight, the loop is flipped toward the other side of the structure, the RNA 
binding domains of EIAV, FIV and HIV-1 Rev proteins are conserved in the modeled structures. 
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In summary, the structures of the EIAV, FIV monomer and HIV-1, SIV dimer Rev proteins 
predicted by threading approach share common features. They form a four-helix bundle struc­
ture with RNA binding domain located at the same position in the modeled structures. These 
common features could hardly expected based on the sequence comparison or the functional 
domain organizations in the sequences. The structural similarity among the Rev proteins will 
provide important insight into the RNA binding of Rev proteins and their possible multimer-
ization mechanism along RNA. 
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CHAPTER 6 THREADING STUDY ON PROTEIN KINASES 
6.1 Protein Kinase 
Reversible phosphorylation by protein kinases and protein phosphatases is a key mecha­
nism in regulation of diverse cellular processes. Protein kinases are one of the largest protein 
families in eukaryotes constituting 1.5-2.5% of entire eukaryotic genes [107]. Because the mal­
function of protein kinases is often a cause of many human diseases, protein kinases are one of 
the most important drug targets [108, 109, 110]. More than a decade ago, with the accelera­
tion of the discovery of protein kinases, Hanks and coworkers provided important insight into 
the conserved features of protein kinases derived from the multiple sequence alignments and 
phylogenetic trees of eukaryotic protein kinase catalytic domains [111, 112]. The completion 
of genomic sequences of many organisms as well as the development of various computational 
methods such as PSI-BLAST and profile hidden Markov model further accelerated the dis­
covery of protein kinases. This provided unique opportunity for understanding protein kinase 
complements involved in signal transduction pathways in specific eukaryotic organisms and also 
delineating their similarities and differences with those of other eukaryotes [107, 113, 114, 115]. 
Hunter and coworkers carried out intensive studies on the protein kinase complements in 
yeast, C. elegans, and human genome. Based on multiple sequence alignments and phylogenetic 
trees, they categorized the yeast protein kinases into superfamilies from which the functional 
relationships can be inferred [113]. Also, using hidden Markov model profile search(HMMER) 
against nearly completed C. elegans genome, they identified 411 protein kinases and 82 pro­
tein kinase-like proteins, and other proteins that are involved in phosphorylation such as 
phosphatase, phosphotyrosine/serine/threonine binding proteins [114]. Through similar ap­
proaches, 518 human protein kinases were also identified [115]. Additional trans-genomic 
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comparison of protein kinases among these organisms provided insight into the evolution of 
protein phosphorylation and signal transduction pathway [107]. 
On the other hand, plant protein kinases were identified much later than those of eu­
karyotes. The first higher plant protein kinase was identified as recently as 1989, but as 
of year 2004, there are 1,019 Arabidopsis protein kinases in Plants? plant phosphorylation 
database [116, 117, 118]. PlantsP is a curated plant-specific data base that combines sequence-
derived information with experimental functional-genomics data. Using a whole-protein based 
hierarchical clustering approach, 1,019 known Arabidopsis protein kinases in PlantsP data base 
were clustered into families for trans-genomic comparison with yeast protein kinases. This al­
lowed the list of conserved protein kinases between two species as well as species-specific protein 
kinases that belong to either yeast or Arabidopsis. 
The main bioinformatics tools such as BLAST and profile hidden Markov model used in 
identifying protein kinases in C.elegans and PlantsP Arabidopsis database are sequence-based. 
However, structure-based bioinformatics tools have rarely been exploited to detect unidentified 
protein kinases in these species. Here, we propose the protein threading method as a comple­
mentary tool for detecting unidentified protein kinases in C. elegans and Arabidopsis proteome. 
Our threading method targets recognizing structural similarity between the sequence and tem­
plate structures, thus it may be a promising tool for identifying so far unidentified protein 
kinases in a proteomic scale. 
6.2 Protein Kinase Catalytic Domain 
Protein kinases share a common catalytic domain that functions in transferring phosphate 
to serine, threonine, and tyrosine residues of the substrate proteins. Although the exact lo­
cations of the protein kinase catalytic domains are not usually conserved in sequences, their 
starting positions reside at 7 residues upstream of the GXGXXG consensus of the ATP-binding 
motif [111, 112]. The length distribution of the catalytic domains ranges from 250 to 300 amino 
acids. While eukaryotic protein kinases share common characteristics described above, there 
exist other types of protein kinases that share less structural and sequence similarities with typ-
Figure 6.1 The structure of protein kinase catalytic domain. 
ical protein kinases in their catalytic domains. The Astral SCOP 1.63 domain structural library 
classifies protein kinase catalytic domains into six different families under the Protein kinase-
like (PK-like) fold. The first two families (SCOP fold class d.144.1.1 and d.144.1.2) are the 
catalytic domains of the eukaryotic serine/threonine and tyrosine kinases, respectively. Other 
families (d.144.1.3 to d.144.1.6) are the catalytic domain of actin-fragmin kinase, MHCK/EF2 
kinase, Phoshoinositide 3-kinase (PI3K), and Type Ilia 3',5"-aminoglycoside phosphotrans­
ferase, respectively. Actin-fragmin kinase and MHCK/EF2 kinase are atypical kinases that 
do not share sequence similarity with the eukaryotic protein kinases. PI3K shares minimal 
sequence similarity with eukaryotic protein kinases. Type Ilia 3',5"-aminoglycoside phospho­
transferase is not a protein kinase but, shows some structural similarity to conventional protein 
kinases. 
The degree of structural similarities among each family of the PK-like fold can be rep­
resented by Z-score obtained from the structural alignment by the DALI server. Any two 
structures with DALI Z-score below 2 are structurally dissimilar. A representative structure 
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Table 6.1 Structural comparison among protein kinase superfamily mem­
bers using DALI. 
SCOP fold (PDB ID) SCOP fold (PDB ID) Dali Z-score 
d.144.1.1 (lcdkA) d.144.1.1 (lhck) 23.9 
d. 144.1.2 (lqcfA3) d. 144.1.2 (IqpcA) 32.8 
d.144.1.1 (lcdkA) d.144.1.2 (lqcfA3) 22.0 
d.144.1.1 (lcdkA) d.144.1.3 (lcjaA) 6.0 
d.144.1.1 (lcdkA) d.144.1.4 (lia9A) 5.9 
d. 144.1.1 (lcdkA) d.144.1.5 (le8xA) 4.6 
d.144.1.1 (lcdkA) d.144.1.6 (IjTIA) 10.5 
d.144.1.3 (lcjaA) d.144.1.4 (lia9A) 5.9 
d.144.1.3 (lcjaA) d.144.1.5 (le8xA) 10.7 
d.144.1.3 (lcjaA) d.144.1.6 (IjTIA) 6.9 
d.144.1.4 (lia9A) d.144.1.5 (le8xA) 5.5 
d.144.1.4 (lia9A) d.144.1.6 (IjTIA) 3.3 
d.144.1.5 (le8xA) d.144.1.6 (IjTIA) 5.9 
was selected from each family belonging to the PK-like fold for structural comparisons (Table 
6.1). Five representative structures from d.144.1.2 to d.144.1.6 were structurally compared 
against a representative structure from d. 144.1.1 by the DALI server. While the represen­
tative structure from tyrosine kinases (d. 144.1.2) shows a strong structural similarity to the 
representative structure from serine/threonine kinases (d.144.1.1) (DALI Z-score > 20), those 
from other kinase families (d.144.1.3 to d.144.1.6) show only a marginal structural similarity 
to the representative structure for serine/threonine kinases (4.6 < DALI Z-score < 10.5). As 
can be seen from DALI Z-scores, serine/threonine and tyrosine kinases are structurally very 
similar while they share just a marginal structural similarity with the other families. In this 
study, we attempted to identify additional potential protein kinases not currently included in 
protein kinase data bases by searching the entire protein sequence data base of C. elegans and 
Arabidopsis. The structures of the catalytic domains of the 20 representative serine/threonine 
and tyrosine kinases were used as threading templates to recognize any new protein kinases. 
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6.3 Threading of C. elegans and Arabidopsis Proteome 
The idea of applying the protein threading approach to the genome-wide search of un­
known protein kinases originates from the fact that experimental methods and conventional 
bioinformatics tools have limitations in recognizing all of the existing protein kinases. As a 
supplemental method, we are applying our in-house protein threading approach to search any 
unknown protein kinases in the entire proteome of C. elegans and Arabidopsis. Candidate 
putative protein kinases will be presented based on the significance of threading. 
6.3.1 Template structures 
20 representative protein kinase catalytic domain structures were selected as threading 
templates, 13 of which are serine/threonine kinases and 7 are tyrosine kinases. The selection 
criteria for the 20 representative structures are based on two factors: (1) minimize the re­
dundancy among the representative structures; (2) maximize the quality of the representative 
structures. In order to meet the first criterion, only minimum number of structures are selected 
from each subgroup under serine/threonine and tyrosine kinases. The quality scores for the 
protein structures are based on the SPACI index of ASTRAL database. 
6.3.2 Protein sequence database and threading 
C. elegans and Arabidopsis proteome were downloaded from Sanger Center (ftp://ftp.sanger 
.ac.uk/pub/C.elegans_sequences/WORMPEP/wormpep90) and NCBI (http://www.ncbi.nlm. 
nih.gov/) respectively, on January of 2003. One of the limitations of our threading scheme is 
the lack of the local threading capability which makes it difficult to do threading on a pro-
teomic scale. Performing the threading against all possible regions of the sequences would 
require extremely expensive computation time. Therefore, a means to pre-screen the entire 
protein sequence data base is needed to reduce the size of the protein sequence search space. 
For this, we introduced the amino acid and the secondary structure composition screening 
in the pre-screening stage. The secondary structure profile for the sequences were obtained 
from the PSIPRED secondary structure prediction. Because many of the full length protein 
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sequences are too long for conducting the secondary structure prediction at a time, the se­
quences longer than 300 residues were first cut into 200 residue long consecutive sections. The 
secondary structure of each of the sections were predicted using PSIPRED and the predicted 
secondary structures of all the sections were pasted back to produce the full length secondary 
structure profile. 
The catalytic domains of the 46 known serine/threonine and tyrosine kinases are selected 
based on the same selection criteria for 20 representative threading templates. The average 
percentage of the helix(H), sheet(E), and coil(C) composition for the catalytic domains of the 
46 known protein kinases are calculated. This generates a vector in the three-dimensional 
secondary structure composition space. Similarly, the average percentage of the 20 amino acid 
types in the catalytic domains of the 46 known protein kinases are calculated. This generates 
a vector in the twenty-dimensional amino acid composition space. 
Save - (H%, Ë%, C%) (6.1) 
Âave = (M%, F%, V%, , Y%) (6.2) 
Each sequence in the protein sequence data base is cut into the overlapping regions of length 
250 which is the minimal length of the protein kinase catalytic domain. This is done as follows. 
A window consisting of the first 250 residues are selected from the full length protein sequence, 
and the window itself slides with the step of 20 residues. The corresponding region in the 
secondary structure profile is selected simultaneously. For each window, the percentage of the 
amino acid and the secondary structure composition are calculated: 
= (6.3) 
= ,}%) (6.4) 
The distance between the amino acid composition of a window and the average of the amino 
acid composition of the 46 known protein kinases, Da, and the distance between the secondary 
structure composition of a window and the average of the secondary structure composition of 
the 46 known protein kinases, Ds are calculated. 
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D, = |2' - gL| (6.5) 
Da = \A' — Âave\ (6.6) 
In addition, Da and Ds for the 46 known protein kinases are calculated as reference cutoff 
scores for the amino acid and the secondary structure composition screening. For the 46 known 
protein kinases, Da's are less than 9.0 and Ds's are less than 16.0. Thus, the cutoff distance of 
9.0 and 16.0 are chosen for the amino acid and the secondary structure composition screening, 
respectively. All the sections of the C. elegans and Arabidopsis protein sequences which satisfy 
the distance criteria for the secondary structure and amino acid composition screening, i.e. 
Ds < 16.0, Da < 9.0, were threaded against the 20 template structures. 
6.3.3 Known protein kinase data base 
Plowman and coworkers identified 411 protein kinases and 82 kinase-like proteins in a nearly 
completed C. elegans protein sequences in 1999 [114]. Currently, there are 431 nonredundant 
protein kinase domains in their C. elegans protein kinase sequence data base. Because the 
threading have been performed with wormpep90 protein sequence data base downloaded from 
Sanger center, 431 known kinases needed to be converted into corresponding proteins in the 
wormpep90 data base. For this, we performed the BLAST search against the wormpep90 
data base using each of the 431 protein kinase domains as a query sequence. When the cutoff 
E-value of e — 80 was chosen, 431 nonredundant protein kinases identified by Plowman et al. 
converted into redundant 523 corresponding protein kinases in the wormpep90. We used these 
523 proteins as known C. elegans protein kinases and all the analyses were performed based 
on these 523 known redundant protein kinases. 
Similarly, PlantsP plant phosphorylation data base contains 1,019 Arabidopsis protein 
kinases. Using the cutoff E-value of e — 80, these known protein kinases were converted into 
proteins in NCBI Arabidopsis protein sequence data base. This generated 1,174 proteins, which 
constitute a set of known protein kinases for the analyses of the threading. 
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6.4 Results and Discussion 
6.4.1 Amino acid and secondary structure composition screening 
20,970 C. elegans protein sequences in the wormpep90 sequence data base were cut into 
the overlapping sections of length 250, shifting by 20 residues. This generated 246,392 cuts 
of the sequences. The distributions of the minimum Da and Ds selected from each protein 
sequence in C. elegans and Arabidopsis are shown in Figure 6.2 and Figure 6.3. The amino acid 
and the secondary structure composition screening for all the generated cuts of the sequences 
generated 50,467 cuts of the threading candidates, which cover 20.5% of all possible cuts of 
the sequences in the C. elegans proteome. 519 of the 523 identified C. elegans protein kinases 
are included in the 50,467 threading candidates. This covers 99.2% of the identified C. elegans 
protein kinases. 
A total of 279,994 cuts of the sequences have been generated from 25,545 available sequences 
from the NCBI Arabidopsis proteome data base. Among them, 67,051 passed the secondary 
structure and the amino acid composition screening. This constitutes 24% of all possible 
cuts of the sequences. On the other hand, 1,131 of the 1,174 known protein kinases passed the 
secondary structure and the amino acid composition screening. This covers 96.3% of the known 
Arabidopsis protein kianses. The efficiency of the pre-screening using the amino acid and the 
secondary structure composition screening is prominent. While the pre-screening misses only 
0.8% and 3.7% of known protein kinases, it reduces the protein sequence search space by 79% 
and 74% for the C. elegans and Ababidopsis, respectively. 
6.4.2 Threading for C. elegans 
Threading results for the 50,467 cuts of the C. elegans protein sequences have been collected. 
For each sequence in wormpep90, only the section that gives the maximum threading score was 
selected as the candidate protein kinase catalytic domain of the sequence. The significance of 
the threading can be determined from the sensitivity and the specificity, which are defined as 
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I Arabidopsis 
Figure 6.2 The distribution of the amino acid composition of C. elegans 
and Arabidopsis. 
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0 Arabidopsis 
Figure 6.3 The distribution of the secondary structure composition of C. 
elegans and Arabidopsis. 
77 
follows [119]. 
Sensitivity = TP (6.7) 
Specificity = 
TP + FN 
TP (6.8) 
TP + FP 
where TP, FN, and FP stands for the number of true positives, false negatives, and false 
positives, respectively. The sensitivity is the measure of, among all the known protein kinases, 
how many true protein kinases are recognized by the threading. Similarly, the specificity is 
the measure of, among all the threading hits, how many are true protein kinases. 
The sensitivity and the specificity curve as a function of threading R-score are shown in 
Figure 6.4. As the R-score increases, the number of false negatives increases, thus the sensitivity 
decreases. Similarly, as the R-score increases, the number of false positives decreases, thus the 
specificity increases. The best cutoff score for the significant threading score might be the 
crossover between the two curves, because at that particular R-score, both false positives and 
false negatives are at the level to maintain both the sensitivity and the specificity at a relatively 
high recognition rate. For the threading of the C. elegnans proteins, the sensitivity and the 
specificity curve cross over at the threading score of 35, where both sensitivity and specificity 
are 94%. Below the threading score 35, the recognition rate drops rapidly with the specificity 
of 84% at the R-score of 30. 
Even though only representative structures from serine/threonine (d. 144.1.1) and tyrosine 
(d.144.1.2) kinases are selected as threading template structures, it is probable that other 
protein kinases under the PK-like superfamily in SCOP might be recognized by threading 
using the representative templates from the family of serine/threonine and tyrosine kinases. To 
test the efficacy of the recognition of protein kinases from other families, we selected available 
21 protein kinases from families of d.l44.1.3-d.l44.1.6 from protein data bank (PDB), and 
cut their protein sequences into overlapping regions of length 250. 20 out of 21 sequences 
passed the secondary structure and amino acids composition screening. Sections from these 21 
sequences have been threaded against the 20 template structures. Threading results show that 
only one of the twenty sequences results in a significant threading score of 41 and others show 
insignificant threading scores which are below 22. The one recognized by threading belongs to 
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Figure 6.4 The sensitivity and the specificity of the threading of C. elegans 
(upper) and Arabidopsis (lower). 
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Phoshoinositide 3-kinase (PI3K), thus it is expected that some of the PI3K may be detected 
by the genome-wide threading. 
The results of the genome-wide threading for C. elegans are shown in Table 6.2. The 
threading results for known protein kinases from Plowman et al. are not shown. For each 
protein sequence, the section with the highest threading score is selected, and the selected 
section was considered to be the potential protein kinase catalytic domain of the sequence. 
Since the experimental validations for the candidates are time consuming, the candidate protein 
kinases have been analyzed using existing computational tools such as PFAM hidden Markov 
model (HMM) and BLAST search against sequences from PDB and wormpep90 sequence data 
base. Threading results for the sequences whose threading score is higher than 35 are shown 
in the Table 6.2. For the sequences whose threading score is between 30 and 35, the threading 
result is shown only when it has a protein kinase signature by any means. 
The description for the Table 6.2 is as follows. The column I shows the protein ID from 
wormpep90 C. elegans protein sequence data base. The column II and III show the threading 
R-score, and the sequence region threaded, respectively. The columns from IV to VI show the 
PFAM HMM search results. Each threaded region on the Table 6.2 was queried for the HMM 
search against PFAM data base (http://pfam.wustl.edu/). The expect (E-value), the region 
of the sequence giving a significant threading score, and the name of the PFAM domain are 
shown in columns for the HMM search results. The column VII and VIII show the E-value and 
the target protein from the BLAST search results against PDB protein sequence data base. 
The column IX and X show the wormpep90 gene annotation or BLASTP search results against 
wormpep90 sequence data base, which excludes self recognition case. If the gene annotation is 
protein kinase, the column IX shows "A" and the column X shows "kinase". If the BLASTP 
search results show any similarity to a protein annotated as a protein kinase, then the column 
IX shows the E-value of the alignment and the column X shows its gene annotation. If the 
sequence does not show any protein kinase signature neither by annotation nor by BLAST 
searches, then either annotation of the sequence or the annotation of the gene that shows high 
sequence similarity to the sequence is shown in column IX and X. 
Table 6.2 Threading results for C. elegans 
1" 11 111 IV V VI VII Vlll IX X 
Y43D4A.6 91.59 21-270 1.4e-58 1-245 kinase 3e-51 kinase le-57 kinase 
D1073.1 63.25 301-550 1.8e-18 1-193 kinase le-16 kinase A kinase 
Y52D3.1 61.35 81-330 l.le-16 1-249 kinase 9e-19 kinase A kinase 
Y74C9A.5 52.72 301-550 6.4e-52 1-250 p53-induced protein 
Y48GlC.2a 51.38 501-750 6.3e-52 1-250 p53-induced protein 2e-39 kinase le-22 kinase 
K09E4.1 51.06 61-310 2e-09 kinase 
F55E10.5 47.02 161-410 
C16C2.3 46.31 461-710 A phosphatase 
Y75B8A.1 45.74 2021-2270 
C40C9.5 42.59 281-530 le-26 1-250 carboxylesterase 3e-08 Lipase A carboxyl esterases 
T05A12.4 40.97 541-790 2.4e-05 2-110 SNF2JNT A helicase 
T05B4.1 40.76 81-330 8e-06 acetylcholine receptor A ion channel protein 
R13A5.7 40.70 41-290 
Y75B8A.24 40.56 1841-2090 1.8e-68 23-230 PI3 kinase 3e-31 PI3K A PI3K 
T24H10.5 40.04 1-250 
F35G12.4b 39.78 401-650 A WD domain 
T22D1.1 39.72 1441-1690 2e-19 179-249 7tm_l 2e-72 carboxyesterase 
F10E7.8 39.61 101-350 
W09D12.1 39.25 101-350 A zinc metalloprotease 
C09B8.3 38.72 81-330 
F35G12.4a 38.49 401-650 A beta transducin 
T20B3.1 38.23 261-510 l.le-47 30-237 choline carnitine acyl-
transferase 
5e-19 carnitine acetyltrans-
ferase 
A carnitate acyltrans-
ferase 
Y102A11A.4 37.82 461-710 7.4e-15 24-105 reverse transcriptase e-134 reverse transcriptase 
ZC15.1 37.66 21-270 
C06A5.1 37.54 981-1230 
T19H12.8 37.44 81-330 4.6e-09 9-92 zinc finger 2e-06 A hormone receptor 
T19H12.6 37.07 181-430 5.4e-5 56-250 gamma glutamyl 
ranspeptidase 
3e-31 gamma glutamyl 
transpeptidase 
F44D12.4 36.77 81-330 
C30F12.7 36.69 121-370 4.4e-26 1-239 dehydrogenase 2e-28 dehydrogenase A dehydrogenase 
C31H2.1b 36.02 41-290 
F21E9.5 35.75 41-290 7.6e-16 20-161 phosphatase e-132 reverse transcriptase 
ZK836.2 35.26 321-570 2.5e-29 1-169 dehydrogenase A dehydrogenase 
E03A3.6 35.09 581-830 
T06F4.2a 35.06 21-270 2.5e-28 179-250 voltage_CLC A channel protein 
ZK632.5 35.00 81-330 
C52B9.1 34.27 161-410 1.2e-98 1-250 choline kinase e-149 choline kinase A choline kinase 
C28D4.2 32.97 1-250 2.5e-6 140-250 choline kinase 5e-39 chohne kinase A choline kinase 
F39B1.1 32.97 601-850 4.6e-35 19-158 PI3K A PI3K 
F21A3.5 32.62 21-270 9.4e-5 69-164 HD domain le-4 kinase 2e-05 kinase 
B0261.2b 30.17 261-510 9.5e-25 87-250 PI3.PI4 Kinase e-145 kinase 
"Footnote at the end of Table 6.3 
Table 6.3 Threading results for Arabidopsis 
1 11 111 IV V VI Vll Vlll IX X 
15217626 51.42 321-570 
15240203 50.10 221-470 6.7e-72 1-150/206 RIOl family e-136 extragenic suppressor 
15223705 49.33 241-490 1.4e-37 31-233/336 PI4K A PI4K 
15226738 48.13 21-270 6.1e-3 17-250/294 kinase 0.003 kinase 
15217579 46.12 181-430 4e-99 guanine nucleotide ex­
change factor 
15236697 45.83 121-370 3.3e-128 1-250/399 fumble le-83 pantothenate kinase 
15239967 45.55 721-970 2e-12 48-143/77 helicase 3e-81 RNA helicase 
15236643 45.27 61-310 A disulfide isomerase 
15237300 43.97 281-530 
15225436 43.12 81-330 1.8&-17 6-149/201 phosphatase A reverse transcriptase 
15237903 41.97 201-450 2.3e-06 1-198/216 monooxygenase A monooxygenase 
15222583 41.54 21-270 2.5e-09 60-248/264 IPP transferase A tRNA isopentenyl 
transferase 
15230732 40.87 41-290 2.2e-106 3-250/505 neutral invertase A neutral invertase 
15226275 40.76 21-270 5.8e-4 122-250/171 RNase H A reverse transcriptase 
15229751 39.50 281-530 
15227854 39.42 521-770 3.3e-37 1-250/406 RNB-like protein A mitotic control 
15229993 38.81 41-290 A acyl CoA reductase 
15234067 38.80 161-410 5.9e-ll 1-216/439 peptidase le-04 leukotriene A4 hydro­ A aminopeptidase 
15221727 38.56 261-510 1.7e-158 1-250/581 oligosaccharide 
lase 
A glucosidase 
15223561 38.09 181-430 3.6e-122 1-250/505 plant neutral invertase A neutral invertase 
15235538 37.95 81-330 4.4e-37 1-250/583 auxin-responsive A auxin responsive GH3 
15219084 37.86 21-270 7.3e-115 1-250/394 fumble A pantothenate kinase 
15219643 37.72 61-310 4.6e-66 16-250/505 neutral invertase A invertase 
15240464 37.16 501-750 
15221816 37.10 201-450 2.6e-61 28-197/209 3'-5' exonuclease e-105 nucleolar protein-like 
15218996 36.80 281-530 1.9e-91 1-250/468 DUF629 
15237902 36.68 201-450 9.5e-07 1-197/216 monooxygenase A monooxygenase 
15237564 36.61 781-1030 9.2e-07 2-28/76 Helicase.C 2e-20 SNF2/RAD54 family 
DNA repair 
15217574 36.60 1-194 
15217754 36.56 181-430 2.2e-12 61-156/77 helicase A RNA helicase 
15233458 36.38 41-290 1.3e-40 1-172/253 transcriptase A reverse transcriptase 
15219516 36.14 141-390 4.6e-10 3-85/111 cis-trans isomerase 
15238209 35.97 81-330 2.8e-26 1-250/350 DNA primase A DNA polymerase 
15236209 35.57 81-330 4e-58 18-250/505 neutral invertase A invertase 
15220763 35.29 221-470 5e-47 26-250/368 plant protein family le-38 auxin-independent 
growth promoter 
15219973 35.27 141-390 3.8e-06 112-211/114 oxygenase 
15236846 35.12 1-245 2.2e-137 59-232/174 caleosin related protein A embryo-specific protein 
1 
Table 6.3 (Continued) 
I" II6 IIIe IV" Ve VIf VIF VIII" IX' X' 
15230437 35.11 81-330 7e-84 37-220/206 RIOl family 2e-72 extragenic suppressor 
15217684 35.05 61-310 2.1e-07 1-237/266 short chain dehydroge- 9e-04 dehydrogenase A oxidoreductase 
15224337 35.01 1081-1330 3.4e-08 1-130/245 
nase 
Ulpl protease family 2e-86 mutator-like trans-
posase 
15219827 35.01 401-650 4.4e-82 32-245/359 PI4 phosphate knase PI4 phosphate kinase A PI4,5-kinase 
15235435 35.00 281-530 
15224659 34.13 181-430 3.1e-112 1-191/206 RIOl family A extragenic suppressor 
15217870 33.00 341-590 3.6e-77 1-250 DUF629 
15222859 31.88 2061-2310 8.1e-64 35-250 PI3K le-08 PI3K 6e-14 PI3K 
15226250 31.03 381-630 l.le-47 1-250 DUF629 
15226796 30.58 361-610 0.067 15-238 kinase 0.002 kinase 0.006 kinase 
"ID 
'Threading R-Score = Eraw - Eave. 
cAligned region. 
dPFAM search result: E-value. 
ePFAM search result: aligned region. 
'PFAM search result: PFAM domain. 
9PDB BLAST search result: E-value. 
hPDB BLAST search result: annotation of the protein. 
'Gene annotation (A) or BLASTP search result against wormpep90 (E-value). 
'Gene annotation or BLASTP search result against wormpep90: annotation. 
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Y43D4A.6 shows a very high threading score of 92. The HMM and BLAST search results 
also support that it is a protein kinase. The best BLAST alignment score between this sequence 
and a protein from 523 known protein kinases is E-value of 2e-61 with 44% sequence identity. 
D1073.1 shows a high threading score of 63.25 with support from HMM and wormpep90 
gene annotation. The best BLAST alignment between this sequence and a protein from a 523 
known protein kinases is E-value 4e-56 with 100% sequence identity for the region including 100 
residues. Presumably, this means that D 1073.1 and the target protein are the same gene but for 
some reason, the gene is incorrectly translated. WormpepP90 annotates D1073.1 as "partially 
confirmed" gene status, which allows the possibility that the gene is incorrect. Y52D3.1 also 
shows a high threading score with support for a kinase status from all three methods. The best 
BLAST alignment between this protein and a protein from 523 known protein kinase is E-value 
8e-21 with 29% sequence identity. Y48GlC.2a shows a high threading score of 51 and its protein 
kinase status is support by PDB BLAST and BLASTP search results. However, HMM search 
results show that it has strong similarity to "p53-induced protein" PFAM domain with E-value 
of 6.3e-52. The tertiary structure of the p53-induced protein domain is not determined yet. 
The best BLAST alignment between this protein and a protein from 523 known protein kinases 
is E-value 6e-81 with 58% sequence identity. Y74C9A.5 shows high threading score of 53 but 
its kinase status is not supported by any of three methods. Interestingly, HMM search results 
show strong similarity between this protein and "p53-induced protein" PFAM domain. Based 
on the analysis for Y48GlC.2a, presumably p53-induced protein domain has strong structurally 
similarity to the protein kinase catalytic domain. The best BLAST alignment between this 
protein and a protein from 523 known protein kinases is E-value 0.53. However, the fact that 
this protein shows strong similarity to p53-induced protein PFAM domain and that Y48GlC.2a 
shows strong sequence similarity to known protein kinases by BLAST and p53-induced protein 
domain by HMM simultaneously suggests that Y74C9A.5 might be a protein kinase. Thus, 
this protein is worth investigating experimentally for protein kinase activity. K09E4.1 shows 
only a weak sequence similarity with E-value 2e-9 to a protein annotated to be a protein kinase 
in wormpep90 data base. The best BLAST alignment between this protein and a protein from 
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523 known protein kinases is E-value 4e-ll with 25% sequence identity. HMM search does 
not give any hits for this protein. However, a high threading score of 51 strongly suggests 
that this protein might be a protein kinase. F55E10.5 has no information from any method. 
This protein is not annotated yet. C16C2.3 and Y75B8A.1 are annotated as phosphatase and 
homeobox, but other than the annotations, these genes has no sequence homolog in wormpep90 
data base. Considering that the gene annotation is often times inaccurate, we cannot exclude 
the possibility that these two proteins are actually protein kinases. From threading score of 43, 
false positives start to show up. Y75B8A.24 with threading score of 41 is supported to be PI3K 
by all three methods. The best BLAST sequence similarity between this protein and a proteins 
from 523 known protein kinases is 0.04 which is insignificant. Five proteins shown at the lower 
part of the Table 6.2 are potential protein kinases whose threading scores are between 30 and 
35 but has support to be a protein kinases by three methods. C52B9.1 and C28D4.2 have 
choline kinase status, and F39B1.1 and B0261.2b have PI3K status. F21A3.5 has only a weak 
sequence similarity to protein kinases and HMM shows a weak similarity to HD domain. The 
best BLAST sequence similarity between this protein and a proteins from 523 known protein 
kinases is e-7. Even though both the threading score and the BLAST sequence alignment score 
are very weak, possibly it is a protein kinase. 
Together, we propose 10 potentially new protein kinases that are missing in 523 redundant 
known C. elegans protein kinase data base by Plowman et al: Y43D4A.6, D1073.1, Y52D3.1, 
48GlC.2a, K09E4.1, Y75B8A.24, C52B9.1, C28D4.2, F39B1.1, F21A3.5, B0261.2b, and an 
additional protein that might be worth experimentally investigating for protein kinase activity: 
Y74C9A.5. 
6.4.3 Threading for Arabidopsis 
The sensitivity and the specificity curve of the threading for the Arabidopsis proteins are 
shown in Figure 6.4. The specificity curve for Arabidopsis is very similar to that of C. elegans. 
At the threading score of 35, the specificity starts to decrease fast, where the recognition rate 
is 96%. The specificity at the threading score of 40 is 98% which shows very high recognition 
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rate. On the other hand, the sensitivity curve decreases more rapidly as a function of the 
threading score. The sensitivity at the threading score of 35 and 30, the sensitivity is 84% and 
85%, respectively which are much lower than those of C. elegans at the same threading scores. 
Two curves cross over at threading score of 29 where both the specificity and sensitivity are 
86%. Due to the early drop in sensitivity curve, the cross over threading score is lower than 
that of C. elegans. 
We applied the cutoff score determined from the threading for C. elegans in Arabidopsis 
case, because we believe that Plowman et al. intensively investigated the protein kinases in 
C. elegans, thus it is likely that the C. elegnas kinases are better identified than those of 
Arabidopsis. The summary for the threading results and the analysis on the high scoring hits 
are shown in Table 6.3. Just like the case of C. elegnans, only the hits with threading score 
above 35 are shown and any candidates whose threading scores are between 30 and 35, but 
have support for a protein kinase status from three methods are shown at the end of the table. 
15217626 which is the candidate with the highest threading score of 51 is not characterized 
yet, and none of the three methods give any information on this candidate. However, the 
significant threading score suggests that this protein might be a protein kinase. 
15240203 which has a threading score of 50 shows a strong similarity to the RIOl family 
PFAM domain with the E-value of 6.7e-72. The BLAST search results against the NCBI 
Arabidopsis protein sequence data base show a strong sequence similarity with E-value of 
e-136 to a protein annotated as a "extragenic supressor". Additional analysis with the 3D-
Jury protein structure prediction meta server shows a very strong structural similarity to the 
protein Tysorine kinase catalytic domain with the consensus score of 100 (data not shown). 
Any 3D-Jury consensus score above 50 is considered to be significant. The 3D-Jury consensus 
score of 100 strongly suggests that the tertiary structure of the aligned region of this protein 
would resemble the protein kinase catalytic domain. The tertiary structure of the RIOl PFAM 
domain is not identified yet but it is proposed that the RIOl family of proteins are related to 
eukaryotic type protein kinases. 
15223705 with the threading score of 49 shows a relative strong similarity to the PI4K 
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PFAM domain, and the BLAST search result shows its sequence similarity to a protein an­
notated as a PI4K. This suggests that this protein might be a new protein kinase. 15226738 
shows only a very weak similarity to kinase PFAM domain and and a protein annotated to be 
a protein kinase by BLAST search. A BLAST search against the 1174 known protein kinases 
using the aligned region of this protein as a query show the best sequence similarity of E-value 
e-5. However, a high threading score of 48 suggests that this protein would be a protein kinase. 
15236697 shows a strong similarity to a Fumble PFAM domain which contain a high sim­
ilarity to the pantothenate kinases. The three-dimensional structure of this domain is not 
determined yet, however, the fact that this domain shows a strong similarity to a pantothenate 
kinase domain and that the threading score of 46 is high suggests that this protein to be a 
potentially new protein kinase. 
At the much lower range of the threading score is 15219804 with threading score of 38. This 
protein also shows a strong similarity to a Fumble PFAM domain and a protein annotated as 
a pantothenate kinase. 
15218996 with threading score of 37 shows a strong similarity to the domain of unknown 
function 629 (DUF629). Additional analysis with 3D-Jury meta server shows an interesting 
result. The 3D-Jury consensus of the aligned region of this protein is d.144.1.2 of score 37 
which is the SCOP fold class of the tyrosine kinase domain. Two other proteins showing a 
strong similarity to the DUF629 PFAM domain are 15217870 and 15226250. The 3D-Jury 
consensus fold for 15217870 is d.144.1.2 with the consensus score of 23, and for 15226250 is 
e.41.1 with the consensus score of 23.29. Even though the consensus score for two other proteins 
are insignificant, the fact the the 3D-Jury consensus score of 44.43 which is relatively high and 
that three of our threading candidates with threading score above 30 show strong similarity to 
DUF629 suggests a possibility that the DUF629 may be related to a protein kinase and that 
its protein tertiary structure may share a common fold with protein kinase catalytic domain. 
15230437 with threading score 35 and 15224659 with threading score 34 show a strong 
similarity to RIOl PFAM domain. The aligned region of these proteins are annotated or 
has strong sequence similarity to a protein annotated as an "extragenic suppressor of bimD6 
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mutation domain". 15219827 is supported to be a Phosphatidylinositol-4-phosphate 5-Kinase 
by three methods. 15222859 is supported to be a PI3K by three methods and 15226796 shows 
a very weak similarity to protein kinases. The best BLAST alignment between the aligned 
region of this protein and 1174 known Arabidopsis protein kinases from PlantsP data base is 
4e-4. 
Interestingly, eight candidates with threading score above 30 showed similarity to "plant 
neutral invertase" domain, which is unusually high frequency of occurrence. The three-
dimensional structure of plant neutral invertase domain is not determined yet. Prom this, 
it may be inferred that this protein domain might share structural similarity with protein 
kinase catalytic domain. 
In summary, the protein threading study for detecting missing protein kinases among 
Arabidopsis proposes ten potentially new protein kinases: 15240203, 15223705, 15226738, 
15236697, 15219084, 15230437, 15219827, 15224659, 15222859, 15226796, and four additional 
proteins worth experimentally investigating for a protein kinase activity: 15217626, 15218996, 
15217870, 15226250. In addition, analyses for the threading hits suggest a possibility that 
DUF629 may be protein kinase-like or has structural similarity to the protein kinase catalytic 
domain. The plant neutral invertase domain whose structure is not so far determined may also 
share a structural similarity to the protein kinase catalytic domain. 
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CHAPTER 7 SUMMARY 
A newly developed threading method mainly focusing on protein structure prediction has 
been described. Also, the applications of the threading approach to the biological problems 
such as genome-wide search of TNF-like molecules in Arabidopsis, genome-wide search of 
protein kinases in Arabidopsis and C. elegans, and a protein structure prediction for lentivirus 
Rev proteins have been described. 
Our threading scheme targets to recognize structural similarity between a target protein 
and a template structure. Especially, we focus on cases in which sequence similarity between 
the target sequence and the template sequence drops to an unrecognizable level. In such cases, 
a scheme for directly incorporating the structural information of the template is necessary. 
Our threading method is based on a Li-Tang-Wingreen parameterization of the Miyazawa-
Jernigan matrix. Following their work, 210 contact potentials among 20 different amino acids 
can be represented using only 20 parameters related to 20 amino acid types. This can be 
directly adopted to represent the inter-residue contact energies as a contact matrix of a protein 
structure. Further analysis of the contact matrix shows that the first eigenvector of the contact 
matrix reliably captures the important information on hydrophobic core of a protein structure, 
which is essential for forming the structures of globular proteins. The factorized form of the 
contact energy function made it possible for our threading method to adopt efficient dynamic 
programming method in the alignment process. This improved the speed of the threading 
that takes into account the pairwise contact potentials, which has been considered to be an 
intractable problem. Because our threading method directly includes the pairwise inter-residue 
contact potentials with much reduction in computation time, it is potentially very useful tool 
for conducting genome-wide search for particular protein families whose sequences are not well 
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conserved. 
The application of the threading method to the genome-wide search of the TNF-like 
molecules in Arabidopsis originated from the idea that the ligand for a CRINKLY 4 (CR4) 
receptor-like kinase in Arabidopsis may resemble the mammalian tumor necrosis factor (TNF), 
because the putative extracellular domain of the CR4 shows similarity to the extracellular lig­
and binding domain of the tumor necrosis factor receptor (TNFR). Using 17 representative 
mammalian TNF structures as templates, available sequences from the NCBI Arabidopsis pro­
tein data base have been threaded. Threading results propose 35 potential TNF-like molecules 
in Arabidopsis. This contrasts to the BLAST and HMMER profile hidden Markov model 
search results which provide no hits. Additional analysis using signal? for the signal peptide 
signature, and 3D-Jury meta server suggests that 6 proteins are particularly interesting. These 
proteins might be the first to be experimentally tested for CR4 ligand activity. 
Using the threading method, the tertiary structures of lentivirus Rev proteins have been 
predicted. Rev is responsible for exporting incompletely spliced mRNA from the nucleus to the 
cytoplasm, which is essential for the production of structural proteins such as Gag and Gag-Pol 
in lentiviruses. The inhibition of the Rev function is a promising target for the development 
of antiviral therapies, however, the lack of Rev protein structures due to their properties to 
aggregate and fibrillize has been a major obstacle to the drug development. We have applied the 
protein threading approach to predict the structure of human immunodeficiency virus type 1 
(HIV-1) dimer and equine infectious anemia virus (EIAV) monomer Rev proteins. In addition, 
in a comparative study, we predicted the structures of Rev proteins from other organisms such 
as simian immunodeficiency virus (SIV) and feline immunodeficiency virus (FFV). The HIV-1 
dimer forms a four-helix bundle with the helix-turn-helix monomer structural unit. In the 
EIAV Rev monomer structure, the RNA binding domain and the nuclear export signal(NES) 
domain are exposed on the surface of the modeled structure which is a favorable positioning 
for interaction with CRM1 and RNA. Interestingly, the comparison of the structures of HIV-
1 dimer, SIV dimer, EIAV monomer, and FIV monomer Rev proteins shows recognizable 
structural similarity. These proteins form a four helix bundle structure with the arginine rich 
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RNA binding domain located at a similar position. 
The threading approach has also been utilized to identify potentially new protein kinases 
that are missing in known protein kinase databases. Available protein sequences of C. elegans 
and Arabidopsis have been threaded against 20 representative template structures selected 
from the catalytic domains of serine/threonine and tyrosine kinases. Plowman and coworkers 
identified 431 nonredundant C. elegans protein kinases using profile hidden Markov model. 
These proteins correspond to 523 redundant proteins in the wormpep90 C. elegans protein 
sequence data base. We predicted 11 potentially new protein kinases by threading (i.e. not 
among 523 known kinases) and an additional protein worth investigating for protein kinase 
activity. In addition, PlantsP database for the functional genomics of plant phosphorylation 
contains 1,019 Arabidopsis protein kinases identified by various computational tools. We pre­
dicted 10 potentially new protein kinases that are missing in PlantsP protein kinase data base 
for Arabidopsis and additional four proteins worth investigating for protein kinase activity. 
The new candidate protein kinases will be useful in completing the protein kinase catalogs and 
better understanding the signal transduction pathways in C. elegans and Arabidopsis. 
In summary, we have applied threading approach to prediction of the structures of Rev 
proteins, and to genome-wide screening for TNF-like molecules and protein kinases. The 
predicted structures of Rev proteins need to be validated by experimental means such as 
mutational analysis. Also, potential TNF-like molecules in Arabidopsis, and potentially new 
protein kinases in C. elegans and Arabidopsis need experimental validation for their biological 
activities as receptor kinase ligands or protein kinases. The applications of our threading 
approach to specific biological problems show that it may serve as a promising tool to guide 
the design of the experimental approaches to test protein function. 
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